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Abstract

Short-term electricity demand forecasting is a critical enabler of the secure and efficient
operation of modern power systems, particularly amid increasing renewable energy in-
tegration, smart grid expansion, and the broader energy transition. This paper presents
a rigorous comparative analysis of electricity demand forecasting models, encompassing
statistical methods, Machine Learning (ML), Deep Learning (DL), and hybrid architectures.
A structured taxonomy is proposed to classify models according to their methodological
family, application horizon, and data requirements, thereby providing a unified reference
framework for researchers and energy-sector practitioners. Models are evaluated using
a multi-criteria framework comprising accuracy, robustness, scalability, interpretability,
computational cost, and the capacity to handle exogenous variables. The analysis identifies
critical research gaps, including the limited integration of probabilistic forecasting into
operational contexts and the absence of standardized evaluation protocols under real-world
conditions. Future research directions are outlined, with particular emphasis on uncertainty
quantification, adaptive learning strategies, and hierarchical forecast coherence in systems
with high penetration of distributed energy resources.

Keywords: short-term load forecasting; electricity demand forecasting; machine learning;
deep learning; mixture of experts; statistical models; taxonomy

1. Introduction

Electricity demand forecasting is a fundamental process for the efficient planning, oper-
ation, and management of modern power systems. In the current context of increasing elec-
trification, digitalization, and energy transition, the ability to accurately anticipate future
demand behavior has become essential to ensure supply security, minimize operating costs,
and promote efficient and sustainable management of energy resources [1,2]. This challenge
is further intensified by global trends that push traditional electrical infrastructures to their
limits, making robust analytical tools essential for reliable and effective decision-making.

In this context, electricity demand is defined as the amount of energy required by
system consumers at a given time [3,4]. The sustained growth in global electricity con-
sumption over the last three decades, based on data compiled by [5] and presented in
Figure 1, illustrates the profound transformation experienced by power systems world-
wide. From nearly 10,000 TWh in 1990 to more than 26,000 TWh in 2024, this evolution
reflects not only a substantial increase in electricity demand, but also growing pressure on
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planning and operational mechanisms. Since consumption directly reflects the aggregate
behavior of demand, its sustained increase underscores the need for more accurate, dy-
namic forecasting models tailored to specific contexts and conditions. This global trend is
also observed, with variations, in regional contexts such as Latin America (see Figure 2),
where consumption has nearly doubled over the same period. However, this pattern is
less pronounced compared to Asia or North America, as illustrated in Figure 3, which was
also constructed using data from [5], suggesting the presence of structural differences and
highlighting the need to develop forecasting models adapted to the particular dynamics
and consumption patterns of each region.

Electricity Domestic Consumption - World (1990--2024)
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Figure 1. Global electricity consumption between 1990 and 2024.
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Figure 2. Electricity consumption in Latin America between 1990 and 2024.

Electricity demand is a variable that is not only dynamic, but also strongly influ-
enced by exogenous factors such as weather conditions, economic activity, social behavior
patterns, demographic growth, and exceptional events (such as heat/cold waves or pan-
demics), among others [1,6,7]. Inefficient management of this demand can compromise
system security and electricity supply, generate significant economic losses, and even affect
essential services such as hospitals, transportation infrastructure, drinking water systems,
and data centers [6,8,9].

An inaccurate forecast can have critical consequences for power system operation.
Underestimating demand may require the dispatch of more expensive or less efficient
generation resources, thereby increasing electricity generation costs [10,11]. Conversely,
overestimating demand can result in excess generation capacity, leading to operational
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losses, including additional generation and plant availability costs, as well as potential
environmental impacts associated with the inefficient use of energy resources [6,12].

Electricity Consumption by Region (1990--2024)
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Figure 3. Regional comparison of global electricity consumption between 1990 and 2024.

Furthermore, the increasing integration of renewable energy sources, particularly solar
and wind, into distributed generation systems introduces an additional layer of complexity
to forecasting due to their intermittent nature. This variability requires greater forecasting
accuracy to avoid imbalances between electricity generation and demand, which may
compromise grid reliability [6,8,9].

From an operational perspective, demand forecasting is usually divided into three
time horizons: short term (from hours to one week), useful for scheduling and operational
dispatch; medium term (one week to one year), oriented toward maintenance planning,
tariffs design, or contract management; and long term (more than one year), essential for
investment decisions in generation and transmission infrastructure [2,10].

Historically, electricity demand forecasting has been addressed using classical statisti-
cal approaches, including linear regression and time-series models such as ARMA, ARIMA,
and SARIMA. These methods enable the identification of historical consumption patterns
and the representation of seasonal behavior and long-term trends [13,14]. However, these
models exhibit significant limitations when dealing with data characterized by nonlinear
relationships, extreme events, or consumption patterns that deviate from normal operating
conditions as a result of technological or climatic changes [3,15].

With the advancement of artificial intelligence (Al), approaches based on Machine
Learning (ML) and Deep Learning (DL) have gained considerable attention in the literature
for addressing electricity demand forecasting problems. Their popularity stems from
their ability to process large volumes of data, identify complex patterns, model nonlinear
relationships, and adapt to highly variable operating conditions [8,16-18]. Algorithms
such as Random Forest, Support Vector Machines, and deep neural networks (DNNs, CNNSs,
and LSTMs), as well as hybrid models, have demonstrated significant improvements
in forecasting accuracy compared with traditional statistical methods. Reported error
reductions range from approximately 2% to 80%, depending on the forecasting problem,
evaluation metric, and application context. Nevertheless, these methods still face challenges
related to overfitting, interpretability, and computational complexity [2,8].

In particular, hybrid models that combine statistical techniques with ML or DL algo-
rithms have been proposed as an intermediate solution that makes it possible to leverage
the explanatory capability of traditional models and the predictive capability of Machine
Learning models [2,16,18]. These approaches integrate the best of both worlds, although they
can also increase implementation complexity and the risk of overfitting if they are not
properly designed.
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In this context, this article provides a comprehensive analysis of the main approaches
used for electricity demand forecasting, evaluating statistical models, Machine Learning,
Deep Learning, and hybrid architectures. Their methodological foundations, predictive
capabilities, advantages, and limitations are assessed, and the role of exogenous variables
in improving predictions is reviewed. In addition, a comparison among models is presented
based on criteria such as accuracy, adaptability, scalability, and computational performance.

Unlike existing review studies, which mainly focus on comparing forecasting models
through reported error metrics or analyze specific model families independently [2,19],
this work proposes a structural taxonomy for electricity demand forecasting models based
on three complementary dimensions: methodological family, forecasting horizon, and re-
quired data type. This classification framework enables a systematic identification of the
relationships, differences, and complementarities among forecasting approaches, while also
providing a rigorous basis for comparative evaluation under multiple criteria. In addition,
this review explicitly examines emerging architectures such as Mixture of Experts (MoE),
probabilistic forecasting methods, and advanced hybrid frameworks. These approaches
are analyzed within the broader context of the operational challenges introduced by the
energy transition, including smart grid expansion, concept drift, increasing uncertainty in
electricity demand, and the growing penetration of distributed energy resources.

The remainder of this paper is organized as follows. Section 2 introduces the formal
definition of the electricity demand forecasting problem, including its mathematical formu-
lation and the classification of forecasting horizons. Section 3 describes the methodology
and evaluation framework adopted for the comparative analysis. Section 4 presents the
bibliometric analysis of the reviewed literature. The different forecasting model families
are then examined in detail. Section 5 reviews statistical approaches, Section 6 discusses
Machine Learning models, Section 7 analyzes Deep Learning architectures, and Section 8
presents hybrid forecasting approaches. Subsequently, Section 9 provides the qualitative
and quantitative comparative analysis, including the proposed taxonomy and the identifi-
cation of current research gaps. Finally, Section 10 summarizes the main conclusions of this
work and outlines potential directions for future research.

2. Electricity Demand Forecasting: Problem Formulation
2.1. Formal Definition

Let {y:} L, denote a univariate time series representing electricity demand (in kWh)
observed at hourly intervals. The forecasting problem consists of estimating the future
values §741,J1+2, . - ., J1+H using all information available up to time T. Formally, the prob-
lem can be expressed as:

Yr41:7+H = fyr-r+1:7 XT—141.7+H) + € ey

where H represents the forecasting horizon, L is the length of the observation window,
X € R"™7P denotes the matrix of exogenous variables, and & corresponds to the error
term [2,4].

A fundamental distinction in operational practice is between point forecasting, which
produces a single estimate {1, 5, and probabilistic forecasting, which characterizes the con-
ditional distribution P(y7., | Zr), where Z7 denotes the full information set available at
time T. Probabilistic forecasting is increasingly required in risk-sensitive contexts such as
reserve scheduling, energy-market clearing, and demand response activation, as it provides
explicit uncertainty quantification for cost-aware decision-making [19,20].

The most commonly used metrics for evaluating point forecasting models are:
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where y; and §J; correspond to the observed and predicted values at evaluation step i,
respectively, and N denotes the total number of evaluated observations. For probabilistic
forecasting, calibration and sharpness are commonly assessed using the Continuous Ranked
Probability Score (CRPS) and the Winkler Index [20].

2.2. Forecasting Horizons

Electricity demand forecasting can be categorized into three main temporal horizons,
each associated with different operational and planning tasks within power systems [2,21].
Table 1 summarizes their principal characteristics.

Table 1. Classification of electricity demand forecasting horizons.

Horizon Range Resolution Primary Application
STLF 1 h-2 wk Hourly Dispatch, markets, reserves
MTLF 1 wk-1yr Daily/monthly Maintenance, contracts
LTLF 1-20+ yr Monthly/ann.  Expansion, investment, policy

2.2.1. Short-Term Forecasting (STLF)

Short-Term Load Forecasting covers horizons ranging from 1 h to approximately
1-2 weeks, typically with hourly resolution. This forecasting horizon is operationally
critical because it directly supports economic dispatch, wholesale electricity market oper-
ation, and operating reserve scheduling. In this context, calendar-related variables and
meteorological forecasts are among the most influential predictors, particularly in climate-
sensitive systems.

2.2.2. Medium-Term Forecasting (MTLF)

Medium-Term Load Forecasting spans forecasting periods from 1 week to 1 year and
commonly operates at daily or monthly resolution. Typical applications include mainte-
nance scheduling for generation units, fuel management, and bilateral contract planning.
At this temporal scale, economic indicators such as GDP (Gross Domestic Product) and
industrial activity, together with seasonal climate patterns, become more relevant than
short-term demand dynamics [14,22].

2.2.3. Long-Term Forecasting (LTLF)

Long-Term Load Forecasting addresses horizons ranging from 1 year to more than
20 years ahead. It plays a central role in capacity expansion planning, transmission and
distribution infrastructure investment, and energy policy development. At this level,
electricity demand is strongly influenced by macroeconomic growth, demographic changes,
and the adoption of emerging technologies such as electric vehicles, distributed solar
generation, and large-scale data centers [21,23].
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2.3. Taxonomy of Solution Approaches

The wide variety of approaches proposed to solve Equation (1) can be broadly grouped
into four major methodological families. Statistical models are based on parametric assump-
tions such as linearity, stationarity, and Gaussianity, offering high interpretability and
relatively low data requirements. Machine Learning models learn flexible nonlinear relation-
ships directly from data without requiring explicit functional assumptions, allowing them
to capture more complex demand dynamics.

In turn, Deep Learning models employ multiple representation layers to automatically
extract hierarchical features from high-dimensional time series data. It is important to note
that Deep Learning is a specialized subset of Machine Learning (specifically, the family of
algorithms based on multi-layer artificial neural networks) and is treated as a separate cate-
gory in this taxonomy solely to reflect the distinct research communities, methodological
characteristics, and operational trade-offs that differentiate deep architectures from classical
ML models in the forecasting literature. Finally, hybrid models combine complementary
forecasting approaches by assigning different signal components, such as trend, seasonality,
and residual patterns, to specialized methods from different model families.

Each methodological family involves different trade-offs in terms of predictive accu-
racy, interpretability, computational complexity, and data requirements. These characteris-
tics are analyzed in detail in Sections 5-8.

3. Methods and Evaluation Framework

The evaluation and comparison of electricity demand forecasting models requires
a structured method that enables their performance to be analyzed under objective and
consistent criteria. Given the diversity of existing approaches (from traditional statistical
models to advanced methods based on artificial intelligence), it is necessary to establish an
analysis framework that considers multiple dimensions: accuracy, robustness, generaliza-
tion capability, computational efficiency, interpretability, scalability, and suitability for the
forecasting horizon.

For this study, a literature review was conducted to identify, select, analyze, and com-
pare representative models used in electricity demand forecasting. The review focuses on
publications indexed in academic databases such as IEEE Xplore, and Scopus, prioritizing
recent studies (last decade) that report comparable validation metrics.

3.1. Literature Search and Study Selection

This study follows the principal recommendations of the PRISMA 2020 (Preferred
Reporting Items for Systematic Reviews and Meta-Analyses) framework [24] to improve the
transparency and reproducibility of the literature selection process. In particular, the search
strategy, eligibility criteria, screening procedure, and study-selection workflow are reported
explicitly to facilitate independent verification of the review corpus.

3.1.1. Literature Search Strategy

A systematic literature search was conducted using Scopus and IEEE Xplore. Scopus
served as the primary database because of its broad multidisciplinary coverage of the
major publication venues relevant to electricity demand forecasting, including journals
and conference proceedings published by IEEE, Elsevier, MDPI, Springer Nature, ACM,
Frontiers, and AIP. IEEE Xplore was used as a complementary source to enhance the cover-
age of specialized electrical engineering and computer science publications, particularly
conference proceedings and IEEE Transactions that may not be fully indexed in Scopus.

To further reduce the risk of omission, backward and forward citation tracking was
performed on highly relevant studies identified during the database search, allowing
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additional pertinent publications to be incorporated into the review corpus. The search
was applied simultaneously to titles, abstracts, and keywords (TITLE-ABS-KEY) using the
following Boolean query:
("electricity demand forecasting" OR "electricity load forecasting" OR "power demand
forecasting" OR "short-term load forecasting" OR "STLF") AND ("machine learning" OR
"deep learning" OR "neural network" OR "LSTM" OR "random forest" OR "support vector"

OR "transformer" OR "gradient boosting" OR "hybrid model" OR "GRU" OR "mixture of
experts")

The search was restricted to journal articles and conference proceedings published
in English, without imposing additional date or subject-area constraints on the search
query. Instead, subject relevance was ensured through the inclusion criteria described in
Section 3.1.2. The resulting search strategy was used to identify potentially relevant studies
and construct the review corpus. To facilitate reproducibility, the search query, database
sources, eligibility criteria, and study-selection workflow are explicitly reported.

3.1.2. Inclusion and Exclusion Criteria
Studies were assessed against the following pre-specified eligibility criteria.
Inclusion criteria:

1.  Original primary research that proposes, develops, or evaluates a forecasting model
for electricity demand or electrical load prediction.

2. Reports at least one quantitative performance metric (e.g.,, MAPE, RMSE, MAE, R?,
nRMSE, or equivalent), evaluated on an independent test set, enabling meaningful
cross-study comparisons.

3.  Published in English in a peer-reviewed journal or conference proceeding.

4. Conducted within the domains of energy systems, electrical engineering, computer
science, applied mathematics, or closely related fields.

5. Can be classified into at least one of the four methodological families considered in
this review: statistical models, Machine Learning, Deep Learning, or hybrid approaches.

Exclusion criteria:

1. Studies focused exclusively on electricity price forecasting or energy market prediction
without an explicit electricity demand forecasting component.

2. Studies addressing only supply-side forecasting tasks, such as solar irradiance, photo-
voltaic generation, or wind power prediction, without modeling electricity demand.

3. Non-primary research publications, including editorials, surveys, review articles
that do not propose or evaluate a forecasting model, and dataset description papers
without forecasting experiments.

4. Studies that do not report quantitative performance metrics evaluated on an in-
dependent test set, thereby preventing reproducible performance assessment and
cross-study comparison.

5. Studies for which the full text could not be obtained despite reasonable retrieval efforts.

o

Studies published in a language other than English.
7. Studies in which electricity demand forecasting is not the primary contribution of the
work, as determined from the title, abstract, or keywords.

3.1.3. Study Screening and Selection Process

During the screening stage, titles were systematically assessed for relevance to the
objectives of this review. Records unrelated to electricity demand forecasting, focused
exclusively on electricity price or generation forecasting, or lacking a clearly defined
forecasting methodology were excluded. During the eligibility stage, the full text of
each potentially relevant study was reviewed to verify methodological completeness,
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Identification

Screening

Included

Identification of new studies via databases and registers

the availability of quantitative performance metrics, and consistency with the scope of
the review.

Eligible studies were subsequently classified into one or more of the four methodolog-
ical families considered in this work: statistical models, Machine Learning, Deep Learning,
and hybrid approaches. This classification enables a balanced comparative analysis across
different modeling paradigms, which constitutes one of the main objectives of the review.
Any disagreements regarding the eligibility or classification of borderline studies were
resolved through discussion and consensus among the authors.

After applying the inclusion and exclusion criteria and completing the screening and
eligibility assessment stages, a final set of 76 studies was retained for comparative analysis.
These studies constitute the evidence base used throughout the remainder of this review,
and the complete selection process is illustrated in Figure 4.

Identification of new studies via other methods

Records identified from:
Scopus (n = 4351)
|IEEE Xplore (n = 2738)
Total (n = 7089)

Records removed before screening:
Duplicate records (n = 2078)
(matched by DOI and title across databases)

Records identified from:
Manual search (n = 12)

y

Records excluded (n = 828):
Title insufficient: primary topic not

Records screened
(n=5011)

demand/load forecasting (n = 799)
Non-English language (n = 16)
Non-primary research / review (n = 6)

!

Price or market forecasting (n = 4)
Generation-side only (n = 3)

(n=4183)

Outside scope after FT review (n = 900) (n=12)

Reports sought for retrieval Reports not retrieved Reports sought for retrieval Reports not retrieved
(n =4183) (n=0) (n=12) > (n=0)
Reports excluded (n = 4119): l
No validation metrics (n = 1200)
Reports assessed for eligibility Methodology insufficient (n = 1100) Reports assessed for eligibility Reports excluded (n = 0)

v

Data/design not comparable (n = 600)
Other (n =319)

Studies included in review
(n=76)
Journal articles: 61 | Conference: 8
Preprints / grey literature: 7

Figure 4. PRISMA 2020 flow diagram of the systematic literature selection process [24].

3.1.4. Data Extraction

For each of the 76 selected studies, the following information was extracted and
tabulated: publication details (year, journal or conference, and geographic region); forecast-
ing horizon and temporal resolution; model type and methodological family; exogenous
variables used; evaluation metrics and reported accuracy values; and dataset source. Be-
cause the selected studies differ substantially in dataset scale, geographic region, temporal
resolution, aggregation level, preprocessing pipeline, baseline selection, and validation
protocol, a formal quantitative meta-analysis was not methodologically appropriate. Ac-
cordingly, this review adopts a narrative synthesis approach to identify performance
patterns, strengths, and limitations across model families, as presented in Sections 5-8 and
synthesized in Section 9.

3.2. Comparison Criteria

The comparison among forecasting models is structured according to the following
key criteria:

https://doi.org/10.3390/pr14142265


https://doi.org/10.3390/pr14142265

Processes 2026, 14, 2265

9 of 46

¢  Forecast horizon: Models are grouped according to the time horizon for which they
were designed: short term, medium term, and long term. This parameter directly
affects the type of data required, model complexity, and operational applicability.

¢  Performance metrics: To evaluate model accuracy, standard metrics widely used in
the literature are considered, such as Mean Absolute Error (MAE), Mean Squared
Error (MSE), Root Mean Squared Error (RMSE), and Mean Absolute Percentage Error
(MAPE). These metrics quantify the difference between predicted and actual values,
facilitating comparison among different approaches.

*  Modeling capability and robustness: The model’s ability to capture nonlinear rela-
tionships between demand and exogenous variables (temperature, humidity, calendar
effects, Gross Domestic Product (GDP), among others) is assessed, as well as its ro-
bustness to noise, measurement errors, and outliers in the data, maintaining stable
performance under such perturbations.

e Adaptability and scalability: The ease with which models can be adjusted to new
conditions or different contexts is examined, as well as their behavior when faced with
high-dimensional or large-scale datasets.

e Interpretability: Although complex models such as deep neural networks offer
high precision and accuracy, they often sacrifice interpretability. This parameter
analyzes how understandable the results are and how useful the model is as a decision-
making tool.

e Computational cost: The practical implementation of forecasting models depends not
only on their accuracy and precision, but also on their training, updating, and execu-
tion costs. This parameter is especially relevant in systems with limited computational
resources or that require real-time processing.

* Handling of exogenous variables: The type and number of exogenous variables
incorporated into the models is considered. More advanced models integrate meteoro-
logical, socioeconomic, and behavioral information to improve their predictions.

These parameters not only enable a quantitative comparison between forecasting
models, but also provide insight into their suitability for specific applications. In practice,
no single model consistently outperforms all others across every evaluation criterion or
forecasting scenario. The performance of a forecasting approach depends on multiple
factors, including the characteristics of the available data, the forecasting horizon, and the
operational requirements of the power system. Consequently, selecting an appropriate
model requires balancing aspects such as predictive accuracy, interpretability, adaptability,
and computational cost according to the objectives of the application.

Before presenting the analysis of forecasting models, Section 4 introduces a bibliometric
characterization of the reviewed literature. This analysis provides an empirical basis for
the organizational structure adopted throughout this work.

4. Bibliometric Analysis

To complement the methods and evaluation framework described in the previous
section and provide a quantitative characterization of the current state of the field before
addressing the qualitative and quantitative analysis of the models, a bibliometric anal-
ysis was conducted on the corpus of publications reviewed using VOSviewer version
1.6.20. This analysis makes it possible to identify dominant thematic structures, temporal
research trends, and scientific collaboration networks, thereby providing the reader with a
panoramic view of the field.
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4.1. Thematic Structure and Temporal Evolution

Figure 5 presents the keyword co-occurrence network, where each node represents
a term, node size is proportional to frequency of occurrence, and colors distinguish the
thematic clusters identified by VOSviewer. Figure 6 shows the temporal evolution of
the same network, where the color scale indicates the average publication year: purple
tones (2018), blue-green (2020-2022), and green-yellow (2023-2024). The joint analysis
of both visualizations makes it possible to characterize both the field structure and its
evolutionary dynamics.

mid-term loa forecasting

machine learning

prophet

recurrent newal networks random forest

support vedi9r machines

d
T short-term load forecasting

artificial nefifal networks. deep learning

redbw data filodels

fore‘hng predicﬁnmodels w demandifrecasting

artifcial infeligence
time series analysis.

load fe asting
w power demanié forecasting biological system modeling

@ neural ietworks

energy fefecasting

ensemblglearning
smarigrids

smart@neters

temporal convolltional networks

& vosviewer

Figure 5. Keyword co-occurrence network generated with VOSviewer. Nodes represent key terms,
node size is proportional to frequency of occurrence, and colors distinguish the identified the-
matic clusters.

The first cluster visible in Figure 5 (red, left side) groups terms such as forecasting, neu-
ral networks, artificial neural networks, support vector machines (SVM), energy demand, artificial
intelligence, and review. This cluster represents the foundation of electricity demand forecast-
ing, where classical neural networks and SVMs constituted the first artificial intelligence
approaches applied to the problem. The temporal visualization in Figure 6 confirms this
interpretation, since the nodes in this cluster are located in earlier years (2018), indicating
that scientific output centered on these methods reached its highest activity before 2020.

The second cluster in Figure 5 (blue, central area) is organized around deep learning,
power demand forecasting, recurrent neural networks, ensemble learning, smart meters, and time
series analysis. The deep learning node is the central node of the entire network, reflecting its
role as a unifying concept across the different families. The grouping of deep learning with
time series analysis in this cluster indicates that deep learning has consolidated itself as one
of the central axes of time-series analysis in the energy field. In Figure 6, these terms are
located in an intermediate time window (2020-2022).

The third cluster in Figure 5 (green, lower-right area) groups predictive models, demand
forecasting, energy forecasting, smart grids, temporal convolutional networks, and biological
system modeling. This grouping highlights the convergence between modern predictive
techniques and smart-grid infrastructure. In the temporal visualization (Figure 6), these
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terms are concentrated in the most recent years (2023-2024), indicating an active shift
toward these applications.

mid-term loa@ forecasting

machine learning

prophet

recurrent ne@al networks random forest

support vedfgr machines stm

energy demand

short-term l“g forecasting

artificial nefifal networks deepjﬁarnlng
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load fo;&asting
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power dematif forecasting biological sysgem modeling
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@, VOSviewer
’ 2018 2020 2022 2024

Figure 6. Temporal overlay visualization of the keyword co-occurrence network. The color scale
indicates the average publication year: purple tones (2018), blue-green (2020-2022), and green-yellow
(2023-2024).

The fourth cluster in Figure 5 (orange, upper area) contains machine learning and mid-
term load forecasting. 1t is significant that machine learning, despite being one of the largest
nodes in the entire network, forms a cluster separate from deep learning. This separation
reflects the operational distinction between both methods in electricity demand forecasting
literature: while deep learning is associated with time-series analysis and predictive models
(blue cluster), machine learning appears linked to medium-term horizons and to a more gen-
eral use of the term. The yellow tone of both nodes in the temporal visualization (Figure 6)
indicates that they correspond to the most recent publications (2023-2024). The presence
of mid-term load forecasting in this cluster, with a similarly recent tone, indicates growing
interest in a horizon historically less explored than short-term forecasting, constituting an
area with development opportunities.

The fifth cluster in Figure 5 (purple, right area) groups short-term load forecasting
and random forest. The short-term load forecasting node is one of the largest in the network,
reflecting the concentration of research on the short-term horizon. Its direct association with
random forest in an independent cluster suggests that this ensemble model has positioned
itself as a reference tool particularly for this time horizon, consistent with the evidence
analyzed in Section 6.

The sixth cluster in Figure 5 (turquoise, center-right area) concentrates deep learning
architectures specialized in sequences: LSTM, GRU, CNN, and prophet. The separation
of these specific architectures from the generic deep learning node (blue cluster) reveals
a level of thematic specialization, since while deep learning functions as a general term,
publications employing LSTM, GRU, or CNN tend to co-occur with one another, forming a
differentiated technical community. The inclusion of prophet in this cluster indicates that
this model, although statistical in nature, has frequently been used in combination with
deep architectures in hybrid approaches, as analyzed in Section 8. Temporally, these nodes
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are located in the intermediate period (2020-2022), corresponding to their consolidation
phase as standard tools for short-term forecasting.

4.2. Co-Authorship Networks

Figure 7 presents the co-authorship network, where each node represents an author
and links indicate collaborations in joint publications. Colors distinguish the collaboration
clusters identified by VOSviewer, and the size of each node is proportional to the author’s
number of publications in the analyzed corpus.
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Figure 7. Co-authorship network generated with VOSviewer. Each node represents an author, links
indicate joint publications, and colors distinguish the identified collaboration clusters.

Figure 7 reveals a fragmented collaboration structure, composed of multiple small
and medium-sized clusters with few inter-cluster links, where groups work relatively
independently and large transnational collaboration networks have not yet consolidated.
The author with the highest centrality and publication volume is Dudek, G., whose contri-
butions range from Random Forest models to probabilistic stacking techniques for short-term
forecasting [20,25,26].

Several geographically distributed collaboration clusters are identified in Figure 7.
In the upper area, a group of European and Latin American authors is observed, including
Hernandez, L., Aguiar, ]. M., and Carro, B., associated with research on forecasting in smart
grids and microgrids [12]. In the central and left area, a set of authors from Asia and the
Middle East forms clusters that are densely connected internally, with researchers such as
Iftikhar, H., Ali, S., and Khan, Z.A., who have contributed predominantly to studies using
LSTM, SVR, and boosting techniques [13,14,27]. In the lower area, another group includes
Greek and European authors such as Spiliotis, E., Assimakopoulos, V., and Karagiannis, F,
linked to work on advanced statistical models and probabilistic forecasting [28,29].

The fragmentation observed in the co-authorship network has direct implications for
progress in the field. The lack of interaction among groups working on statistical, Machine
Learning, and Deep Learning approaches may limit the development of truly integrative
hybrid models, which require multidisciplinary expertise. This finding reinforces the
need to foster interdisciplinary collaborations among currently disconnected research
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communities, particularly between groups specialized in statistical techniques (with strong
interpretability) and those focused on deep architectures (with high predictive capacity),
a topic revisited in Section 9 and in the future research lines of this article.

Taken together, the thematic cluster structure and co-authorship patterns identified
in this bibliometric analysis provide empirical support for the organizational structure
adopted in the following sections. Cluster 1 (red), which is primarily associated with classi-
cal neural networks and support vector machines applied to load forecasting, establishes
the basis for the review of Machine Learning models presented in Section 6. Cluster 2 (blue),
focused on deep learning and time-series analysis, motivates the discussion developed in
Section 7. In addition, Cluster 6 (turquoise), which groups architectures such as LSTM,
GRU, CNN, and Prophet due to their frequent co-occurrence in the literature, highlights
the growing relevance of hybrid forecasting approaches examined in Section 8.

Furthermore, the fragmentation observed in the co-authorship network suggests that
research in electricity demand forecasting remains distributed across partially disconnected
communities. This observation reinforces the importance of integrative and interdisci-
plinary approaches, which are further discussed in the comparative analysis presented in
Section 9.

5. Statistical Methods

As suggested by the bibliometric analysis (Section 4), statistical approaches constitute the
foundational cluster of the field, with the longest research trajectory and highest interpretability.

Traditional models for electricity demand forecasting are based on statistical and
mathematical principles to analyze historical electricity demand patterns and predict future
demand. These models seek to identify trends, seasonality, stationarity, and relationships
with explanatory variables in order to generate future demand predictions. Several of these
approaches used for electricity demand forecasting are presented below.

Statistical models have historically been the cornerstone of electricity demand forecast-
ing, particularly at a time when data availability was limited and electrical systems were
relatively simpler in their operational structure. These models, grounded in mathematical
assumptions and linear relationships, make it possible to establish explicit links between
observable variables and expected outcomes, which has facilitated both their application
in practical settings and their understanding by system operators. In a context where
transparency and interpretability are essential, statistical models have provided a solid
foundation for the development and evolution of more complex approaches.

One of the most widely used statistical approaches has been linear regression, which
has been extensively applied in multivariate models that seek to establish relationships
between electricity demand and socioeconomic or climatic variables. For example, in ref. [1],
multivariate regression was used to forecast short-term electricity demand using Gross
Domestic Product (GDP) and population growth as explanatory variables, together with
historical consumption data. This model achieved a MAPE of 4.13% with respect to actual
values, reflecting good accuracy for short-term horizons. However, when the same model
was applied to medium-term scenarios, the error increased to 55%, revealing a structural
weakness of this approach: its limited capacity to adapt to dynamic patterns, nonlinear
behaviors, or unexpected external factors. This weakness has been widely documented
in the literature and constitutes a central limitation of models based on strictly linear
relationships [9].

Improvements in the accuracy of regression models have been possible through the in-
corporation of explanatory or exogenous variables. In ref. [30], for example, a multivariable
regression model is proposed for monthly electricity demand forecasting in South Korea,
covering a dataset from 2012 to 2023. This study incorporated variables such as climate,
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calendar effects, industrial activity, and unexpected events such as the COVID-19 pandemic.
The results showed that, even against more sophisticated models such as Holt-Winters
(a type of exponential smoothing model), and even against machine learning and deep
learning models, the regression-based approach remained highly competitive. This finding
is especially important because it shows that the key is not necessarily model complexity,
but rather the quality, relevance, and treatment of the independent variables used. As an
explanatory method, regression also makes it possible to directly interpret the influence of
each variable on demand, which provides a significant advantage in terms of transparency
and interpretability.

In other studies such as [23], the linear regression approach was used to project non-
residential energy demand in 14 West African countries between 2000 and 2030. Despite
the simplicity of the method, the authors reproduced demand with errors below 15%
and projected growth from 55 TWh to 286 TWh, validating its use for energy planning
in low-data-availability contexts. This type of study shows that linear regression can
be useful for establishing “top-down” models, which are characterized by analyzing
overall energy system behavior from aggregated macroeconomic variables, such as GDP,
population, or level of industrialization, to infer the evolution of total energy demand.
In this approach, reasoning proceeds ‘from top to bottom’, that is, from the economic
and structural determinants of the system toward its components or sectors, allowing the
relationship between economic growth and energy consumption to be captured without
requiring detailed technological or sector-level information.

Regression models have also been extended with autoregressive structures, seasonal
components, or auxiliary binary variables (known as dummy variables) to incorporate
holidays and extreme climatic events. For example, in ref. [28], a daily and monthly
model was developed for Greece between 1993 and 2002, integrating temperature, hu-
midity, and heating degree days (HDD) and cooling degree days (CDD), together with
seasonal components. By doing so, a maximum error of only 2.7% was achieved in the
monthly model. This approach shows that even with statistically conventional techniques,
high levels of accuracy can be achieved if the model is well specified and supported by
adequate data.

Similarly, in ref. [21], an extended regression model was applied to the state of Texas,
aregion characterized by rapid growth in Al-driven data centers. By incorporating not only
climatic variables, but also annual lags and categorical variables to represent reordered
months, the model reached a MAPE of 2.10%, outperforming even advanced models such
as XGBoost (Extreme Gradient Boosting), LightGBM (Light Gradient Boosting Machine),
and LSTM (Long Short-Term Memory). This result reinforces the idea that, in certain con-
texts, a well-designed regression model can outperform more complex models, especially
when structural relationships in the data are well understood and represented.

Beyond regression, time-series models have occupied a central place in energy de-
mand forecasting, since they allow temporal properties of data, such as trend, seasonality,
and autocorrelation, to be exploited. Among the most common are ARIMA (Autoregressive
Moving Average), SARIMA (Seasonal ARIMA), and SARIMAX (Seasonal ARIMA with
eXogenous variables), all widely documented in the literature [2,12,31]. These models
are particularly effective for stable and homogeneous series, as shown in ref. [1], where
an additive time-series model was applied to forecast residential demand in Colombia,
achieving an error of only 0.87%. Likewise, Refs. [13,14] show the effectiveness of these
models in environments such as Pakistan and the Nord Pool market, reporting deviations
on the order of 1.9% when decomposition techniques are used to separate deterministic
and stochastic components.
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One of the most relevant advances has been the incorporation of exogenous variables
and cross effects, which has allowed SARIMAX models to be adapted to more complex
contexts. In ref. [32], for example, an enhanced SARIMAX model was used for forecasting
in Japan between 2012 and 2015, incorporating climatic variables such as temperature and
humidity, and calendar factors such as hour, day, and holidays. The model outperformed
its standard version by 22% in terms of accuracy, and even improved performance relative
to linear regression with independent variables and a basic ARIMA model. This approach
is relevant because it shows that even within classical models, levels of sophistication can
be introduced that allow them to compete with more modern and advanced techniques.

In ref. [33], an online extension of the SARIMA model, called SARIMA-ONS, was pro-
posed for real-time data processing. Applied in Vietnam, this methodology demonstrated
training times three times faster than classical SARIMA and achieved an average MAPE of
4.57%. This version represents a natural evolution of the statistical approach by adapting it
to the dynamic needs of smart electrical systems.

Despite their many strengths, statistical models have significant limitations when faced
with data exhibiting high nonlinearity, multiple sources of variability, or high penetration
of intermittent renewables. In these contexts, their adaptability and predictive power
tend to be lower than Al-based models [34]. Even so, several studies show that they
can play a complementary or even competitive role, especially when interpretability, low
computational cost, or the need to make regulatory decisions based on transparent and
auditable models is prioritized [21,28,35].

In addition, probabilistic hierarchical approaches such as the one proposed in [36]
have shown improvements in accuracy and hierarchical coherence using smart-meter data
in the United Kingdom, introducing coherent probabilistic forecasts at multiple aggregation
levels. Likewise, probabilistic approaches based on additive quantile regression have been
applied to capture uncertainty in smart-meter data.

Finally, in ref. [37], a weekly peak-demand forecasting framework was developed for
Mexico (2017-2024), combining spectral analysis and time-series models. In that study,
a SARIMA model reinforced with spectral analysis achieved a MAPE of 1.73%, outperform-
ing models such as Prophet (2.88%) and XGBoost (2.19%) in several regions, highlighting
the robustness of enhanced classical approaches against more complex alternatives.

In summary, statistical models, particularly those based on multivariate regression
and time series with exogenous variables, remain valid and effective tools for electricity
demand forecasting. Their performance depends largely on data quality, model suitability
to context, and integration of relevant variables. Although their prominence has been
partially displaced by machine learning models, their value lies in interpretability, sim-
plicity, and capacity to generate robust predictions when applied with technical rigor and
system knowledge.

The limitations identified in this section, particularly the difficulty of capturing non-
linear relationships and adapting to highly variable environments, motivate the transition
toward Machine Learning models discussed in Section 6. Unlike traditional statistical ap-
proaches, these models relax strict linearity assumptions and can exploit more complex
feature representations to model electricity demand dynamics more effectively.

The models reviewed in this section can be grouped according to their main character-
istics, advantages, and limitations, as summarized in Table 2, which provides a detailed
comparative summary of the statistical models analyzed. Complementarily, Figure 8 orga-
nizes this family into a visual taxonomy that highlights the relationship between regression
and time-series models.
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Table 2. Description of statistical models for electricity demand forecasting.

Model

Typical Application

Key Advantages

Limitations

Simple linear regression

Modeling direct
relationships between a
single explanatory variable
(such as temperature) and
demand.

Very easy to interpret;
useful for understanding
univariate sensitivities.
Ideal as a baseline or
validation control.

Does not capture multiple
effects or nonlinear
relationships. Models only
one causal direction.

Multiple linear regression
(MLR)

Estimating demand from
multiple exogenous factors
(weather, calendar, prices).

Good explainability; allows
quantifying the impact of
each independent variable.
Scalable to multiple
predictors.

Assumes strictly linear
relationships; sensitive to
multicollinearity; less
flexible under complex
dynamics.

Lagged multiparametric
regression

Hourly or intraday
forecasting using current
and lagged meteorological
variables.

Increases accuracy with
simple structures; useful in
environments with low
computational capacity.

Does not capture complex
nonlinearities; requires
careful feature engineering.

Short-term forecasting on

Captures the internal

Does not handle external

ARIMA (AutoRegressive stationary univariate series temporal dynamics of the  variables or multiple
Integrated Moving without 1?; wiring external ’  series; adapts to smooth seasonalities; requires prior
Average) variables d & trends; performs well with  transformation for
' limited data. non-stationary data.
Incorporates explicit Complex to parameterize;
Daily or monthly electricity seasolr:)lali throIljl h poor performance if
SARIMA (Seasonal demand forecasting with ad ditionatlycom O%IentS' patterns change
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cycles.
well.
Demand modeling with Integrates exogenous Requires high domain
SARIMAX (SARIMA with ~ multiple seasonalities and  variables and cross effects;  knowledge for variable

exogenous variables)

external factors (weather,
calendar).

good accuracy and
transparency.

design. Sensitive to errors
in external predictors.

Exponential smoothing
(ETS, Holt—Winters)

Smoothing and projection
of series with trend and
seasonality.

Simplicity; useful for data
without strong exogenous
effects; provides stable and
smooth results.

Does not allow direct
inclusion of external
variables; not suitable for
non-stationary systems

with abrupt changes.
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Figure 8. Taxonomy of statistical models for electricity demand forecasting.

6. Machine Learning

Over the last two decades, the emergence and consolidation of Machine Learning (ML)
models has represented a turning point in electricity demand forecasting. Unlike classical
statistical models, ML approaches do not require rigid assumptions about data distribution or
the functional form of relationships between variables, which allows them to adapt to complex,
nonlinear, and dynamic environments. This flexibility, combined with the growing availability
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of data from smart meters, SCADA systems, and external sources such as meteorological
stations, has driven the adoption of ML techniques in power systems worldwide.

ML models are particularly effective when facing prediction problems in which the
relationship between independent variables and the target variable is not evident, is highly
nonlinear, or is subject to multiple cross interactions. These are precisely the characteris-
tics that define electricity demand behavior, especially in scenarios with high renewable
penetration, significant climatic influence, and structural changes in consumption patterns,
such as those caused by digitalization, electric mobility, or decentralized generation.

One of the most widely used ML approaches for demand forecasting is Support Vector
Machines (SVM), particularly its regression variant known as Support Vector Regression
(SVR). These models have shown strong performance in problems where data dimension-
ality is high and a decision function robust to noise and outliers is required. In ref. [12],
a comparison among SVM models, artificial neural networks, and linear models concluded
that nonlinear approaches such as SVM offered better accuracy in disaggregated and highly
volatile environments. This finding was reinforced in [27], where SVR was used to model
demand in a substation in Muzaffarabad, Pakistan, incorporating meteorological variables.
The model not only outperformed methods such as k-Nearest Neighbors (k-NN) and Random
Forest, but also achieved estimated savings of 0.313 million PKR per day in production costs
by reducing MAPE by 2.22%. This ability of SVMs to adapt to real-world problems with
high operational variability positions this type of model as a useful tool in contexts where
high short-term accuracy is required.

Hyperparameter optimization has been another key aspect in improving model perfor-
mance. In ref. [38], SVR was applied together with metaheuristic optimization techniques
on data from the United States and China, achieving a MAPE of 1.35%, outperforming both
neural-network models and ARIMA. Similarly, in ref. [39], a hybrid approach was proposed
in which SVR initializes a radial basis function neural network (RBFNN), optimized through
an extended Kalman filter, reaching notably low error levels (MAPE of 0.56-1.03%) across
diverse operating scenarios. These studies show that SVR effectiveness lies in configuration,
training, and fine hyperparameter tuning, which can be decisive for achieving competitive
performance against more complex Machine Learning or Deep Learning models.

On the other hand, decision-tree-based models have been widely adopted due to
their ability to handle large volumes of heterogeneous data and their ease of interpretation.
The Random Forest (RF) model, a bagging-type ensemble model that combines multiple
trees trained in parallel over random subsets of the dataset, has become one of the most
robust and reliable tools in forecasting tasks. In ref. [40], RF and decision trees were
applied to model energy demand in Turkey, considering exogenous variables such as GDP,
meteorological data, and trade flows. The model integrating all variables obtained a MAPE
of 6.5%, standing out for computational simplicity and good generalization capability.
However, the study also showed that compared with more advanced ensemble methods,
RF could lag behind when interactions among variables were highly complex.

The potential of Random Forest has been widely validated in studies spanning multiple
regions and temporal horizons. In ref. [41], an RF model optimized with Bayesian search was
proposed for ultra-short-term forecasting (15 min) in China, reaching a MAPE of 0.161% and
an R? of 0.979, outperforming models such as XGBoost and LightGBM. Likewise, Ref. [25] con-
ducted a study in four European countries (Poland, United Kingdom, France, and Germany),
evaluating seven pattern representations and three training modes, where RF outperformed
both classical statistical models and deep neural networks. This result is especially relevant
because it shows that, under certain configurations, tree-based models can compete directly
with architectures that are much more computationally expensive, such as LSTM or CNN,
while maintaining a high level of interpretability compared with DL approaches.
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Another highly relevant variant within machine learning is Gradient Boosting, par-
ticularly implementations such as XGBoost and AdaBoost (Adaptive Boosting), widely
recognized for efficiency and accuracy. Gradient Boosting and XGBoost are boosting-type
ensemble models that build many small decision trees sequentially, where each new tree
focuses on correcting errors from the previous set using the gradient of the loss function.
In ref. [42], Gradient Boosting and XGBoost models were compared with hybrid Deep
Learning approaches for residential demand forecasting, finding that although boosting
models obtained solid results (MAE of 0.66, RMSE of 0.35 for the Gradient Boosting model),
they were outperformed by hybrid approaches. However, in ref. [43], a study applied to
the Russian electricity market showed that XGBoost not only achieved a MAPE of 1.41%,
but also improved economic efficiency of dispatch decisions when integrating an economic
indicator (BMI), showing that model evaluation should not be limited only to statistical
metrics, but should also incorporate financial profitability criteria.

For AdaBoost, Ref. [44] developed a model for medium-term monthly electricity
demand forecasting in three Chinese provinces using data from 2007 to 2020. The model
showed error reduction of up to 82% with respect to individual models, achieving a MAPE
of 0.72%. In addition, the model provides narrow and reliable intervals, positioning it as a
reference for forecasting under uncertainty by notably improving accuracy and reliability,
although at the cost of lower interpretability.

Furthermore, in contexts with data constraints or high uncertainty, tree-based models
have shown high robustness. In ref. [26], Random Forest was applied to remove non-
stationarity and improve prediction in Poland, achieving a MAPE of 1.16%. In ref. [45],
the performance of RF, SVR, and MLP was evaluated for long-term forecasting in England
and Wales, finding that tree-based methods offered the best accuracy and scalability over
extended horizons. This empirical evidence reinforces the idea that adaptability and
resilience make tree-based models a reliable option, especially when combined with robust
preprocessing or feature-engineering techniques.

The most recent advances in Machine Learning have evolved toward complex ensem-
ble models, including techniques such as stacking and Mixture of Experts [46—48]. Stacking-
type ensemble models train several base models and then a meta-model learns to combine
their predictions. These models combine multiple algorithms to capture different aspects
of the data, improving both prediction accuracy and stability. For example, in ref. [20],
a probabilistic stacking method using Quantile Regression Forests was proposed, signifi-
cantly improving interval calibration and statistical coverage. This type of approach is
particularly useful in power systems that require not only point values, but also reliable
uncertainty estimates.

Mixture of Experts (MoE) models allow decomposition of the problem into subcompo-
nents handled by specialized “experts.” This approach combines multiple models with a
routing model, also called a gating model (an architectural component that dynamically
assigns weights to expert models), which determines which expert to activate according to
input data conditions or characteristics, increasing precision, flexibility, and interpretabil-
ity [46]. Unlike traditional ensemble models, MoE enables dynamic and conditional expert
assignment, optimizing learning in contexts with different behaviors.

In ref. [47], a Mixture-of-Experts framework with Federated Learning was proposed
for short-term forecasting in smart electrical grids. Using Ausgrid (Australia) data with
30-min resolution between 2010 and 2013, the model achieved improvements of 6 to 9%
on static datasets, 4 to 8% on real-time data streams, and up to 41% in zero-shot forecasting
scenarios (the ability of a model to generalize predictions with lower error for a time series
on unseen data during training), outperforming models such as LSTM, CNN, ResNet,
and Transformers, and additionally reducing training time by 18%.
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Kernel Models

SVR

Another use case appears in [46], where an explainable Mixture-of-Experts (MoE)
approach was presented for extreme scenarios such as heat waves, cold waves, and holidays.
The model decomposes total demand into interpretable components (regular, climate-
related, and holiday-related), assigning specialized experts such as XGBoost or Informer
to each component. Applied to hourly data from China (2017-2019), it achieved a MAPE
of 2.9% on normal days, between 3.1-3.9% under extreme weather conditions, and as
low as 1.79% on holidays. This design provides not only higher accuracy compared with
Deep Learning models such as LSTM (Long Short-Term Memory) or TCN (Temporal
Convolutional Networks), but also greater transparency by detailing the contribution of
each source of demand variability.

Similarly, ref. [48] proposed TriForecaster, an architecture based on Mixture of Experts
within a Multi-Task Learning scheme, capable of simultaneously addressing regional,
contextual, and temporal variations. This approach integrates specialized modules such
as RegionMixer (a model that combines information across regions) and CTSpecializer (a
context-and-time specialized model built from ContextMoE + TimeMOoE), together with a
stochastic fusion mechanism and a loss function. Evaluated on four datasets with different
granularities, the model achieved a 22% reduction in MSE and a 12% reduction in MAE,
outperforming architectures such as LSTM, MLP, and GCN-LSTM. Its ability to scale and
adapt to the complexity of regional electrical systems positions it as a state-of-the-art
reference for electric load forecasting in multi-region environments.

In summary, Machine Learning models have significantly expanded predictive ca-
pacity in the energy sector, enabling the solution of problems where statistical approaches
are insufficient. Their main strength lies in the ability to capture complex and nonlinear
patterns, adapt to multiple data types, and scale in environments with high informa-
tion volumes. However, effective implementation requires appropriate variable selection,
cross-validation techniques, hyperparameter tuning, and, in many cases, energy-domain
knowledge to ensure that models are not only accurate, but also operationally useful.

While Machine Learning models considerably improve predictive capabilities beyond
traditional statistical approaches, accurately capturing long-range temporal dependencies
and learning hierarchical representations from high-resolution data often requires more
advanced architectures. These challenges have motivated the adoption of Deep Learning
frameworks, which are reviewed in Section 7.

The models reviewed in this section can be grouped according to their main character-
istics, advantages, and limitations, as summarized in Table 3, which presents a detailed
comparative summary of the analyzed Machine Learning models. In addition, Figure 9
presents a taxonomy of Machine Learning approaches, distinguishing base models and
ensemble strategies to highlight their differences in complexity.

Machine Learning Models

Tree-Based Models Ensemble Models

Decision Trees Bagging Boosting Stacking Mixture of Experts

Random Forest XGBoost AdaBoost

Figure 9. Taxonomy of Machine Learning models for electricity demand forecasting.
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Table 3. Description of Machine Learning models for electricity demand forecasting.

Model

Typical Application

Key Advantages

Limitations

Support Vector Regression
(SVR)

Short- and medium-term
demand prediction where
relationships among
variables are nonlinear.

Excellent accuracy even
with limited data; robust to
noise; performs well with
Gaussian or polynomial
kernels.

Sensitive to
hyperparameter selection;
difficult to interpret
internally; limited
scalability.

Decision Trees

Consumption
segmentation by customer
type, behavior, or location.

High interpretability;
useful for visualizing
decision rules and as a
basis for ensemble models.

Low accuracy as a
standalone model; prone to
overfitting; unstable under
small data changes.

Bagging (Random Forest)

Daily or hourly demand
prediction when multiple
exogenous variables of
different types are
available.

Highly robust; handles
categorical and numerical
data well; avoids
overfitting by averaging
multiple trees.

Loss of individual
interpretability; may
require a large number of
trees for stability.

Complex systems where

Very high accuracy;
efficient handling of

More difficult to tune;
higher memory

Boosting (XGBoost; the best possible accuracy ~ missing and categorical consumption; limited
AdaBoost) is required with multiple, ~ data; aggressive explainability without
even correlated, variables.  computational additional techniques
optimization. (SHAP, LIME).
Combination of several Improves accuracy and High complexity; difficult
Stacking models for final prediction  uncertainty calibration; interpretation; requires a

or interval construction.

robust under variability.

diverse set of models.

Mixture of Experts (MoE)

Forecasting under multiple
conditions or regions;
decomposition by sources
of variability.

Adaptive and modular;
allows specialized
assignment and improves
accuracy in heterogeneous
or extreme scenarios.

Higher computational
complexity; requires expert
gating design and
appropriate expert
specialization; susceptible
to expert collapse during
training; sensitive to data
latency in real-time
routing.

7. Deep Learning

Deep Learning (DL) is a subcategory of Machine Learning based on artificial neural
networks with multiple layers (deep architectures) that enable automatic learning of hierar-
chical and abstract representations directly from data. Unlike classical Machine Learning
models, which depend heavily on manual feature engineering, DL models integrate feature
extraction and predictive modeling into the same process, allowing them to capture highly
complex nonlinear relationships and temporal dynamics that are difficult to represent with
traditional approaches. In the context of electricity demand forecasting, this capability is
especially relevant for modeling multivariate time series, high-resolution data, and infor-
mation streams from sensors such as smart meters, where interactions among variables
exhibit complex structures and long-range dependencies.

One of the most traditional approaches within DL is the use of artificial neural net-
works (ANN), which have been used in electricity demand forecasting tasks at both short-
and medium-term horizons. In ref. [6], ANN models were compared with multiple-
regression and fuzzy-logic models in Turkey using normalized hourly data and lagged
variables. Results showed that ANN offered superior accuracy, maintaining lower MAPE
and greater consistency, even at horizons up to 168 h. Likewise, in ref. [49], neural net-
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works applied to Kerala and Tamil Nadu states in India showed that ANN models with
climate variables substantially improved performance in regions with high sensitivity to
temperature and humidity, although in regions with dominant industrial consumption the
benefits of meteorological variables were less evident.

However, the main leap in energy-forecasting precision and accuracy through DL
has come from the introduction of recurrent neural networks (RNN), and especially their
advanced variants such as Long Short-Term Memory (LSTM) and Gated Recurrent Units
(GRU). These architectures are specifically designed to process temporal sequences, as they
include internal memory mechanisms that allow them to retain relevant information from
past events and capture long-term dependencies. This attribute is particularly useful in
electricity demand forecasting, where consumption patterns are influenced by daily, weekly,
and seasonal behaviors, as well as exogenous events.

In ref. [16], an LSTM-based model enhanced with MIDAS (Mixed Data Sampling) was
presented, allowing inputs to be weighted according to their volatility. This technique
increased model accuracy by better capturing demand fluctuations, showing an advantage
over traditional LSTM models. In ref. [10], an LSTM model was implemented for hourly
forecasting in Antioquia (Colombia), integrating exogenous variables such as temperature
and day type. In that study, the LSTM model outperformed the reference system of the
national electric operator (XM), with an average error of 493 MWh in supply over one
operating week, demonstrating direct applicability in real contexts.

Other studies have reinforced the superiority of these recurrent architectures over
traditional and ML models. In ref. [50], ANN, RNN, and LSTM were evaluated using
data from Pakistan and Australia, concluding that LSTM provided the best daily accuracy
(MAPE of 1.01%) and weekly accuracy (1.09%), clearly outperforming conventional neural
networks. This result was confirmed in [51], where an LSTM-RNN applied to hourly
data from Germany (2006-2017) achieved a MAPE of 1.5% for hourly forecasting and
1.77% for annual forecasting, outperforming GRU and CNN while integrating climatic
and renewable-generation variables. These findings consolidate LSTM as a high-quality
model for high-accuracy electricity forecasting, especially in contexts with strong renewable
penetration and high seasonal variability.

Additionally, in ref. [52], PowerLSTM was developed as an optimized model for
smart-meter data. This architecture incorporated historical, climatic, and calendar vari-
ables, and achieved error reduction above 20% compared with models such as SVR and
Gradient Boosting, reaching a MAPE of 4.88%. This study highlighted the importance
of considering data granularity and integrating multiple exogenous sources to maximize
predictive performance. In environments such as smart grids, where data are abundant but
highly dynamic, the ability of LSTM to adapt and generalize becomes a strategic advantage.

Another relevant architecture within DL is the convolutional neural network (CNN),
originally developed for image processing but successfully adapted to time-series analysis
through one-dimensional convolutions. CNNs are especially effective at capturing repetitive
local patterns, such as daily consumption cycles. In ref. [17], the performance of CNN, RNN,
and a hybrid CNN-RNN model was compared using data from South Korea. Surprisingly,
the standalone CNN outperformed the other configurations, obtaining an R? coefficient of
0.992 and an MAE of only 0.02513. This result challenges the common assumption that only
recurrent networks are suitable for time series and suggests that, with appropriate architecture
and preprocessing, CNNs can deliver equally competitive results.

Building on this foundation, more advanced models have emerged, such as Temporal
Convolutional Networks (TCN), which use dilation mechanisms to process temporal data
sequences [53]. In ref. [54], a TCN applied to household-consumption data in London
showed better performance than LSTM in terms of MAE and sMAPE (symmetric mean

https://doi.org/10.3390/pr14142265


https://doi.org/10.3390/pr14142265

Processes 2026, 14, 2265

22 of 46

absolute percentage error), along with lower computational cost. Likewise, Ref. [55] intro-
duced TCN-QR variants (TCN adapted for quantile regression, i.e., instead of predicting a
single value, it estimates quantiles such as P10, P50, or P90 to build prediction intervals
and perform probabilistic forecasting) and TCN-MC (TCN with a Monte Carlo method,
where random sampling is used to generate multiple predictions and estimate uncertainty
and prediction intervals), improving interval coverage and calibration compared with
models such as ARIMA or Gaussian processes. Due to their natural parallelization, these
architectures are especially useful for real-time applications where computational efficiency
is as important as accuracy.

In terms of innovation, hybrid models that combine multiple architectures have shown
superior performance compared with individual models. In ref. [42], a CNN-GRU model
applied to residential data from the UCI repository [56] (a repository that hosts specialized
Machine Learning datasets, owned by the University of California, Irvine) achieved lower
MSE and MAE than standalone CNN and LSTM networks. Similarly, Ref. [57] integrated
CNN, GRU, and multi-head attention mechanisms (internal model layers that assign
weights to different parts of the input sequence to highlight the most relevant information)
to improve demand prediction under variable weather conditions, reducing errors by
more than 50% compared with traditional models. These hybrid approaches not only
leverage CNN local-pattern extraction and GRU sequential memory, but also integrate
attention mechanisms that identify the most relevant input segments for each prediction,
thus improving model interpretability and adaptability.

Another hybrid-architecture approach was presented in [58], where five configura-
tions were compared for daily electricity demand forecasting in Germany: multiple linear
regression, artificial neural networks (ANN), convolutional neural networks (CNN), long
short-term memory (LSTM), and a hybrid ANN-LSTM model. The latter, which com-
bines ANN pattern-extraction capacity with LSTM sequential memory, showed the best
performance, achieving a MAPE of only 0.89%. This result not only validates the effec-
tiveness of deep networks, but also shows that combining them can generate synergies
that outperform each architecture individually. It is worth noting that these configurations,
although computationally more demanding, enable more precise modeling and better
adaptation to changes in demand time series.

Growing interest in more sophisticated models has also led to the application of
graph-based architectures [59,60] and Transformers (an architecture based on self-attention
mechanisms that dynamically weights relationships among sequence time points, cap-
turing short- and long-range dependencies) [61-64], as evidenced in [65], where a graph
network with temporal convolutions (GLFN-TC) was introduced to capture spatial and
temporal relationships simultaneously. This model outperformed LSTM, CNN-LSTM,
and Informer, achieving better results across multiple international datasets. These ap-
proaches represent a new frontier in the use of DL for energy forecasting by enabling full
power grids to be modeled as dynamic graphs where system structure and evolution are
learned simultaneously.

For Transformers, Ref. [63] developed a model called Romember, a Transformer ar-
chitecture that incorporates rotary positional encoding (RoPE), designed to overcome
standard-model limitations in representing relative position in long sequences. Applied to
Estonia’s electrical system, Romember achieved a MAPE of 3.19%, substantially improving
over RNN, GRU, and baseline Transformers, and showing strong stability for use in smart
grids under energy transition. On the other hand, Ref. [62] evaluated the Temporal Fusion
Transformer (TFT) in a hierarchical network of 70 substations in Germany (2019-2021), find-
ing that although it does not always outperform LSTM in daily forecasting, it shows notable
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advantages in weekly horizons and hierarchical configurations (MAPE between 2.43% and
3.76%). This reinforces its usefulness for operational planning with aggregated structures.

Despite their high potential, Deep Learning models present significant challenges.
Training is usually intensive in data and computational resources, requires careful hyperpa-
rameter selection, and has limited interpretability, which can hinder adoption by system
operators who need clear explanations for decision-making. However, recent literature has
shown that these limitations can be mitigated through techniques such as transfer learning,
proper regularization, and the integration of explanatory layers or attention mechanisms.

Ultimately, Deep Learning models represent the state of the art in electricity demand
forecasting. Their ability to capture complex relationships, integrate multiple data types,
and adapt to nonlinear patterns makes them key tools for addressing modern power-
system challenges. Although their application requires suitable technical infrastructure
and specialized knowledge, their adoption is rapidly expanding worldwide, especially in
systems where precision and resilience are priorities.

Despite their strong predictive performance, Deep Learning models often involve high
computational costs and limited interpretability. These limitations have motivated the
development of hybrid approaches, discussed in Section 8, which aim to combine the
interpretability and structural advantages of statistical methods with the representational
capacity of neural network architectures.

The models reviewed in this section can be grouped according to their main characteristics,
advantages, and limitations, as summarized in Table 4, which presents a detailed comparative
summary of the analyzed Deep Learning models. As visual support, Figure 10 summarizes
the taxonomy of Deep Learning architectures used in demand forecasting, showing their

organization from dense networks to recurrent, convolutional, and attention-based models.

Table 4. Description of Deep Learning models for electricity demand forecasting.

Model

Typical Application

Key Advantages

Limitations

Artificial Neural Networks
(ANN)

Multivariable demand
prediction with dense-layer
architectures.

Can model nonlinear
relationships; adaptable to
many contexts.

Does not leverage temporal
relationships; requires
extensive calibration; prone to
overfitting.

Recurrent Neural Networks
(RNN)

Modeling short sequences or
series with immediate
dependence among values.

Captures short-term memory
in sequences; flexible
structure.

Vanishing/exploding gradient
problems; poor performance
on long sequences.

Long Short-Term Memory
(LSTM)

Hourly demand prediction in
the presence of long-term
dependencies.

Excellent long-term memory
capacity; highly accurate for
high-resolution series.

Requires large datasets and
high computational power;
long training time.

Gated Recurrent Units (GRU)

Sequential forecasting where
lower complexity than LSTM
is required with similar
performance.

More compact and faster
structure; good generalization;
efficient in the short term.

May lose accuracy relative to
LSTM on long sequences.

Convolutional Neural Networks
(CNN)

Detection of repetitive
patterns in smart-meter data
or minute-level granular
demand.

Highly efficient; captures
spatial or local relationships in
time series.

Does not retain long-term
temporal memory unless
combined with recurrent
models.

Temporal Convolutional
Networks (TCN)

Alternative to RNN for long
sequences through causal
convolution.

Captures temporal
dependencies without
recurrence; better
parallelization.

Less widespread; complex
hyperparameter tuning;
requires long temporal
padding.

Transformers

Modeling long series with
high cross-dependence and
multiple variables.

Captures contextual attention;
high accuracy in multivariate
environments.

High computational
consumption; still less
common in

energy applications.
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Figure 10. Taxonomy of Deep Learning models for electricity demand forecasting.

8. Hybrid Models

Hybrid models integrate different methodological approaches to leverage the comple-
mentary strengths of each one. These combinations may involve the union of statistical
models with Machine Learning or Deep Learning techniques, as well as the incorporation
of mathematical transformation or decomposition methods such as Empirical Mode De-
composition (EMD), Wavelet Transform, fuzzy logic, or seasonal decomposition. In this
sense, the hybrid approach is not limited only to combining models of different nature,
but can also consist of the sequential application of adaptive preprocessing techniques that
extract structural components of the time series. This strategy allows both global patterns
and local dynamics at different temporal scales to be captured, improving the system’s
predictive capability. However, integrating multiple stages may increase model complexity,
raise the number of parameters to estimate, and generate risks associated with overfitting,
information redundancy, and error propagation across stages.

In electricity demand forecasting, the search for models that balance accuracy, robust-
ness, interpretability, and computational efficiency has led to the development of hybrid
approaches, which combine elements from different statistical, Machine Learning, and Deep
Learning methodologies. These models are based on the recognition that no individual
approach is optimal in all contexts or under all input conditions, so intelligent integration of
techniques can provide substantial improvements in predictive capability and adaptability
of forecasting systems.

Hybrid models can be classified into two broad categories: those that combine sta-
tistical models with machine-learning models and those that integrate statistical models
with deep-learning models. In both cases, the motivation is the same: to compensate
for the weaknesses of one method with the strengths of another, whether by combining
interpretability and efficiency of statistical models with the ability of Al-based models to
capture nonlinearities, or by integrating diverse architectures to cover different temporal
and spatial scales or behavior patterns.

One of the most representative hybrid approaches is the combination of traditional
time-series models with neural networks. In ref. [66], an ARIMA-LSTM model was
developed for short-term forecasting in China, achieving a MAPE of 2.83%, significantly
lower than ARIMA (6.96%) or LSTM (2.86%) used individually. This model is based on a
sequential logic in which the ARIMA component captures the linear structure of the series,
while the LSTM network models residual nonlinear components. This type of combined
approach is particularly useful when the series has marked seasonality and trends, but also
abrupt variations that cannot be explained by traditional linear models.

Similarly, Ref. [67] presents a combination of statistical models with neural networks;
in this case, a hybrid model combining Empirical Mode Decomposition (EMD) with an
LSTM recurrent neural network. The model uses EMD to decompose the time series into
intrinsic mode functions (IMFs), and these IMFs are used as input to LSTM, allowing the
model to better capture nonlinear and non-stationary characteristics of the time series.
This model was compared with other Deep Learning models such as RNN and LSTM.
Results show that the EMD+LSTM model outperforms the others in forecasting, with errors
between 5 and 8%, standing out in peak-pressure and seasonal-variation prediction. This
integration notably improves forecast accuracy and stability. Although EMD-based hybrids
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ARIMA-LSTM

Statistical-DL

ARIMA + RNN

can improve the decomposition of non-stationary demand series, the procedure is not
without limitations. In practice, EMD may exhibit mode mixing, end effects, and sensitivity
to local noise; therefore, the decomposition stage should be interpreted as a preprocessing
aid rather than as a guaranteed representation of the underlying signal. Furthermore,
the effectiveness of decomposition-based approaches depends on the quality of the input
data, since noise, anomalies, and measurement inconsistencies may propagate through the
decomposition process and ultimately affect downstream forecasting performance.

Other studies have explored the use of Prophet as a statistical component to capture
seasonality and trend, complemented by networks such as LSTM or GRU to model residuals.
For example, in ref. [68], an optimized Prophet-LSTM with a BPNN network was applied
to data from Belgium, achieving a MAPE of 0.91%, while in ref. [69], Prophet and GRU were
integrated for forecasting in industrial contexts, notably improving performance relative to
their individual components.

On the other hand, hybrid models have also shown advantages in contexts with
incomplete data or complex time series. In ref. [70], cubic splines interpolation was used as
an imputation technique together with a tree-based ensemble model, achieving a MAPE of
0.648% even with 30% missing data.

However, building hybrid models also entails important challenges. The main diffi-
culty lies in correct integration of components, both at the technical level (model interfaces,
input/output synchronization) and at the theoretical level (avoiding redundancies, ensur-
ing complementarity). Likewise, hybrid models tend to be more difficult to interpret in
general without sufficient technical knowledge, which can limit applicability in environ-
ments where full traceability is required for regulatory or auditing purposes. In many cases,
the accuracy improvement obtained with hybrid models must be carefully weighed against
increased complexity, computational cost, and maintenance.

Ultimately, hybrid models represent a logical and powerful evolution within the
electricity-demand forecasting ecosystem. Their ability to combine the best of different
worlds (the robustness and explainability of statistical models, the flexibility of ML models,
and the representational power of DL) makes them highly valuable tools, especially in
modern electrical systems characterized by high uncertainty, multiple exogenous factors,
and growing precision requirements. Although their design, implementation, and valida-
tion are not trivial tasks, the results reported in the literature show that, when properly
applied, hybrid models not only outperform individual models, but also open new possi-
bilities for developing smarter, adaptive, and more reliable forecasting systems.

The models reviewed in this section can be grouped according to their main character-
istics, advantages, and limitations, as summarized in Table 5, which presents a detailed
comparative summary of the analyzed hybrid models. Complementarily, Figure 11 illus-
trates the taxonomy of hybrid models, highlighting the most representative combinations
among statistical, Machine Learning, and Deep Learning components.

Hybrid Models

Decomposition-DL Prophet + DL/ML

ARIMA + ANN EMD + LSTM Prophet + LSTM Prophet + GRU Prophet + XGBoost

Figure 11. Taxonomy of hybrid models for electricity demand forecasting.
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Table 5. Description of hybrid models for electricity demand forecasting.

Model Typical Application Key Advantages Limitations
Shortom fecasing i Coppe o e Ko vl
ARIMA-LSTM series with mixed . 1psr ’
improves accuracy in redundancy between
structure.
demand peaks. components.
Non-stationary series with Improves c}ecomposmon High sens1’F1V1ty to
EMD + LSTM . . and modeling of complex  preprocessing; greater
multiple frequencies. ) ) .
fluctuations. technical complexity.
Derr}and with a strong Int(?rpretable; h.andl.es Higher computational load;
cyclical component and holidays and climatic -
Prophet + LSTM/GRU . requires hyperparameter
presence of exogenous variables; adaptable to X
. tuning.
events. short and medium term.
. Good handling of external =~ Requires feature
Very short-term forecasting . . .
Prophet + XGBoost - . variables and demand engineering; depends on
with enriched data. .
peaks. data quality.
Multicomponent (I?Ht?gzlarf;%;ﬂg z:c,h Complex integration; high
ARIMA + RNN/ANN forecasting in the presence P design and

component (trend, cycle,

residual). implementation effort.

of significant noise.

9. Discussion
9.1. Qualitative Analysis

The evolution of electricity demand forecasting methods has produced a growing
diversity of approaches ranging from traditional statistical models to sophisticated deep-
learning architectures and hybrid combinations. This diversity has significantly enriched
the field by providing tools with different levels of accuracy, adaptability, and technical
complexity, but it has also introduced new challenges when selecting the most appro-
priate model for each operational context. Therefore, any model comparison must go
beyond evaluations based only on point error metrics such as MAE or MAPE, and adopt
a broader perspective that includes robustness under adverse conditions, computational
cost, interpretability, scalability, hierarchical forecast coherence, and adaptive capacity.

Grouping models through a structured taxonomy is essential to guide both research
and practice in electricity demand forecasting. The diversity of available approaches (from
classical statistical techniques to state-of-the-art modular architectures) can make it difficult
to identify the most suitable method for a specific operational setting. A taxonomy that
classifies models by methodological family, application horizon, and required data type
reduces this complexity, facilitates objective comparison, and provides a useful reference
framework for researchers and energy-sector professionals. In addition, this classification
makes explicit the relationships and complementarities among model families, which
is crucial for designing hybrid architectures and identifying methodological gaps that
can motivate future research lines. Without a clear taxonomy, the risk of selecting mod-
els arbitrarily or duplicating effort in already existing solutions increases considerably,
compromising design-process efficiency and forecast quality.

In contexts where time series are stable, show clear seasonality, and have low sen-
sitivity to nonlinear exogenous variables, classical statistical models such as ARIMA or
multiple linear regression remain relevant and effective tools. Their main virtue is high
interpretability, allowing clear understanding of each variable’s specific contribution to
projected demand, which is especially valuable for long-term energy planning in regulated
environments [1,21,28]. These models have achieved errors below 5% in medium- and

https://doi.org/10.3390/pr14142265


https://doi.org/10.3390/pr14142265

Processes 2026, 14, 2265

27 of 46

long-term forecasts when weather and calendar variables are properly integrated. However,
their performance tends to deteriorate significantly in the presence of nonlinearities, high
volatility, or cross-interactions among multiple exogenous factors, as often occurs in densely
connected urban grids or contexts with high penetration of intermittent renewable energy.

In this sense, defining a model’s applicability to the demand forecasting problem can-
not be reduced to a single selection criterion. The reviewed evidence shows that the most
decisive aspects include, first, the forecast horizon, since relevant dynamics and the type
of patterns the model must capture vary substantially across short-, medium-, and long-
term settings. Second, data nature and availability directly condition the viability of each
approach: Deep Learning models require large volumes of high-resolution data, whereas
statistical models can operate with shorter and less granular series. Third, the model’s
ability to integrate exogenous variables (meteorological, socioeconomic, calendar-based,
or atypical-event related) is critical in systems where demand responds to multiple simul-
taneous factors. These criteria are complemented by the interpretability required by the
regulatory environment, the computational cost associated with training and inference,
and model robustness under noisy, incomplete, or structurally shifting data. It is the joint
weighting of these factors, rather than absolute superiority in any isolated metric, that
determines model suitability for a specific electricity-demand forecasting problem.

Given these limitations, Machine Learning models have gained ground, with algo-
rithms such as Random Forest (RF), Support Vector Regression (SVR), and XGBoost standing
out. These models have shown superior capability to capture complex relationships in
multidimensional, nonlinear, and highly dynamic environments, without requiring prior
functional specification. In short- and very-short-term scenarios in particular, they have
reached errors below 2%, in some cases even outperforming deep neural-network-based
models [27,41,43]. Random Forest has proven especially effective by offering an attractive
balance among accuracy, tuning-process stability, and partial interpretability, delivering
robust performance across multiple datasets [25]. XGBoost, in turn, has stood out in
peak-demand prediction thanks to its ability to incorporate adaptive loss functions, which
translates into greater sensitivity to extreme events and high temporal granularity [43].

However, the true methodological revolution has come with the widespread adoption
of Deep Learning models, led by architectures such as LSTM, GRU, and CNN. These models
have established new accuracy standards, with MAPE below 1.5% in hourly and daily
forecasting, even under highly seasonal conditions or strong variability [10,50-52,60]. Their
ability to learn complex hierarchical representations directly from raw data, without explicit
modeling, makes them especially powerful in systems where electricity demand responds
to multiple temporal scales and nonlinearities. However, this predictive power comes with
high computational cost, strong sensitivity to parametrization, and limited internal trace-
ability of decisions, which may constrain adoption in critical or highly regulated systems.

To mitigate these limitations, hybrid models have emerged as a strategic alternative
that combines the best of each approach. Their value does not lie only in an additive
combination of techniques, but in a functional decomposition of the problem that addresses
different series components (trend, seasonality, residual noise) with specialized methods.
In particular, approaches integrating models such as Prophet, time-frequency decomposi-
tion techniques, and deep neural networks have shown substantial improvements in both
accuracy and robustness [68,69,71,72]. These models have proven effective not only for
short-term peak forecasting, but also for capturing structural variations in medium-term
scenarios, particularly in urban environments where the signal is contaminated by multiple
operating modes. Hybrid and ensemble models are among the most consistent alternatives
in contexts where data include a broad set of exogenous variables and exhibit complex
dynamics [71].
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From the perspective of the presented taxonomy, each model family makes a differ-
entiated and complementary contribution to solving the forecasting problem. Statistical
models constitute the analytical foundation of the field: their ability to decompose the
series into interpretable components (trend, seasonality, and residuals) makes them ir-
replaceable tools for structural understanding of demand and for establishing baselines
against which more complex approaches can be evaluated. Their main contribution lies in
prediction transparency and traceability, which are essential attributes in regulated contexts
where decisions must be auditable. Machine Learning models, in turn, significantly expand
the solution space by enabling the capture of nonlinear relationships and integration of
multiple information sources without prior functional specification. Their contribution is
especially visible in high-dimensional short- and medium-term scenarios, where statistical
models show structural limitations. Within this family, ensemble models (such as Random
Forest and XGBoost) have shown a particularly valuable balance among accuracy, stability,
and computational efficiency. Regarding Deep Learning, its main contribution lies in the
ability to model long-range temporal dependencies and extract hierarchical representations
directly from high-resolution data, positioning these models as state of the art in short-
term forecasting accuracy when abundant information is available. Finally, hybrid models
contribute the ability to functionally decompose the problem, assigning the most suitable
method to each series component, thus overcoming the individual limitations of each family
and providing more robust and adaptable forecasts for complex operational environments.

An emerging approach that deserves special attention in this comparative landscape
is the Mixture of Experts (MoE) paradigm, which offers a highly promising alternative for
addressing the growing complexity of energy forecasting. Unlike traditional models (where
a single architecture attempts to capture all time-series complexity), MoE models rely on a
modular structure in which multiple experts are trained to specialize in different regions of
the input space or different behavioral patterns. An additional network, called the gating
network, dynamically assigns weights to each expert according to the current input fea-
tures, enabling adaptive and localized combination of predictions [46—48,73]. This approach
presents several advantages that make it particularly attractive. First, it enables significant
accuracy improvements by specializing each expert in a subset of the problem, such as
specific day segments, particular weather conditions, or user types. This problem parti-
tioning allows each submodel to reach higher representational capacity without increasing
overall system complexity. Second, MoE offers a path toward better interpretability: by an-
alyzing which experts activate under specific scenarios, it becomes possible to understand
what patterns the system recognizes, facilitating adoption in regulated or operationally
transparency-sensitive environments. In addition, from a computational viewpoint, MoE
can be efficient, since typically only a subset of experts is activated per instance, signifi-
cantly reducing inference-time computational load. This makes it an attractive option for
real-time applications or resource-constrained systems.

From a structural perspective, the superiority of Mixture of Experts (MoE) over tradi-
tional ensemble approaches such as stacking and bagging arises from the way predictions
are combined. In conventional ensemble methods, the combination weights are either fixed,
as in the uniform averaging strategy commonly used in bagging, or globally learned through
a meta-learner trained on validation data. As a result, the same combination rule is applied
to all inputs during inference, regardless of the characteristics of the forecasting scenario.In
contrast, MoE architectures employ a gating network that dynamically assigns weights to
different experts according to the characteristics of the current input. This mechanism al-
lows the model to activate specialized experts depending on the operating conditions of the
system. Consequently, MoE models can adapt their predictive behavior to different demand
regimes, such as extreme weather conditions, holidays, or normal operational periods,
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which is not inherently possible in static ensemble formulations. The effectiveness of this
adaptive mechanism has been empirically demonstrated in recent studies. In ref. [46], MoE
achieved superior performance compared to LSTM and Temporal Convolutional Networks
(TCN) under extreme operating conditions, reaching MAPE values between 3.1% and
3.9%, while maintaining competitive accuracy during normal conditions with a MAPE of
2.9%. Similarly, Ref. [47] reported that combining MoE with Federated Learning produced
improvements of up to 41% in zero-shot forecasting scenarios. This represents a particularly
challenging generalization setting in which static ensemble methods usually exhibit poor
performance due to the absence of retraining signals [48]. This input-conditional behavior
constitutes a fundamental qualitative difference between MoE and classical ensemble meth-
ods: whereas Bagging assigns uniform weights regardless of the input and Stacking applies
fixed weights learned during training, MoE continuously reassigns the contribution of each
expert based on the current input context, effectively acting as a context-aware coordinator
rather than a static aggregator. In electricity demand forecasting, this translates into the
ability to selectively activate specialist models under different operating regimes (such as
extreme weather events, holidays, or structural demand shifts) without relying on a single
combination rule across all scenarios.

This adaptive routing mechanism, however, also introduces practical challenges for
real-world deployment. One of the most important is expert collapse, a training instability in
which the gating network converges to activating only a small subset of experts, thereby re-
ducing the benefits of expert specialization [74]. This issue is commonly mitigated through
auxiliary load-balancing losses during training [47]. In addition, the gating network can
be sensitive to delays in real-time data availability. In operational environments such as
dispatch control centers or smart-grid monitoring systems, sensor readings and demand
measurements do not always arrive synchronously [46]. Because expert routing depends
on the current input features, latency or missing information may lead to incorrect expert
assignment, degrading forecasting performance precisely during the operational transitions
where adaptive specialization is expected to provide the greatest benefit.

Another crucial aspect in model comparison is forecast nature: point or probabilistic.
Far from being optional or aesthetic, probabilistic forecasting has become an essential
requirement in risk-sensitive applications, such as reserve management, electricity-market
operation, or contractual planning. Tools such as Quantile Regression Forests (QRF), prob-
abilistic stacking techniques, and Mixture of Experts (MoE)-type models enable not only
estimation of well-defined confidence intervals, but also adaptation of models to different
operational-risk levels [20,46—48]. Evaluation of these models should include specific met-
rics such as CRPS (Continuous Ranked Probability Score), quantiles, and the Winkler index.
These metrics allow model performance to be assessed according to risk associated with
decisions based on the forecast, facilitating integration into real operating environments.

Forecast quality also depends critically on two cross-cutting operational factors.
The first is weather-input quality: many academic evaluations use ex-post weather, i.e., real
climate data observed after the prediction horizon, which can artificially overestimate
model accuracy. As noted in [19], studies should clearly report the source and status of the
weather forecast used, as well as the temporal-validation protocol, to ensure comparability
of results. Designing more rigorous evaluation protocols requires, at minimum, adopting
walk-forward validation schemes that preserve the temporal ordering of the data, using
forecast inputs that are realistically available at decision time rather than ex-post observed
values, and reporting accuracy in a disaggregated manner across operating conditions
(such as weekdays versus weekends, seasonal periods, or anomalous events), rather than
relying solely on average error metrics that may conceal systematic failures under specific
conditions. The second factor is concept drift, i.e., structural changes in demand patterns
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due to social, technological, or economic transformations [31]. In this case, resilient ap-
proaches have been proposed, such as online ensembles with RNN and ARIMA that update
weights according to recent performance, or transfer-learning strategies to stabilize errors in
low-history contexts [31,75]. These strategies have shown that the best model is not a static
choice, but a continuous process of updating, drift monitoring, and expert reweighting.
When drift is gradual and no explicit change-point signal is available, dynamic combi-
nation of multiple models is preferable to rolling updates of a single model. A diverse
set of models can progressively absorb structural changes through adaptive weighting,
whereas a single model depends on external triggers to initiate retraining and may de-
grade in the interim without explicit detection mechanisms [31]. The need for continuous
adaptation has also motivated growing interest in continual-learning approaches, which
seek to update forecasting models as new information becomes available while retaining
previously acquired knowledge [76]. Such methods are particularly relevant under concept
drift, where consumption patterns evolve gradually and static models may become pro-
gressively less representative of the underlying system. However, continual adaptation
introduces an additional challenge known as catastrophic forgetting, whereby learning
new patterns can degrade performance on previously learned regimes [77]. Consequently,
future forecasting systems must balance adaptability and knowledge retention, combining
drift-aware updating mechanisms with the ability to preserve useful historical information.

Hierarchical coherence is another increasingly relevant aspect in complex systems.
This principle states that forecasts must remain consistent across different aggregation levels
(for example, feeder-level forecasts should sum to substation-level forecasts, and in turn
to the national total). Hierarchical probabilistic methods that use forecast reconciliation,
such as approaches based on Aggregated Model Integration (AMI) or Quantile Regression
Forests (QRF), adjust local and global forecasts while guaranteeing coherent relationships
throughout the hierarchy, substantially improving forecast usefulness for coordinated
operational planning [36]. This methodological line aligns with the most recent industrial
recommendations, which emphasize the need for reconciliation protocols, smart weather-
station selection, and multiscale verification as critical links in the forecasting chain [20].

Finally, the adoption of advanced architectures such as Transformers, Graph Neural Net-
works (GNN), and Temporal Convolutional Networks (TCN) represents a promising frontier,
especially for modeling complex spatiotemporal dependencies. Although these archi-
tectures offer incremental accuracy gains, their high training cost, sensitivity to tuning,
and lack of standardization in temporal-validation protocols require careful implementation
decisions [53-55,57]. In practice, they are often used as components within hybrid-model
pipelines that maximize accuracy without fully sacrificing traceability. Cases such as
CNN-GRU for very-short- and short-term forecasting [42], or Prophet-XGBoost—CatBoost
combinations [78], illustrate this principle of balance between performance and opera-
tional viability.

It is worth noting that the business value of forecasting is not limited to technical
metrics. Recent studies have shown that models with similar average errors may differ
significantly in economic impact. For example, XGBoost has simultaneously achieved
MAPE of 1.41% and effective minimization of financial imbalance cost using metrics
such as CLFBM (Cost of Load Forecasting Based Mistakes) [43]. This evidence suggests
that model evaluation should integrate, in addition to accuracy and risk, a cost-benefit
dimension that reflects real operational impact.

From an operational perspective, computational cost varies significantly across fore-
casting models. Classical statistical approaches such as SARIMA stand out for low memory
and processing requirements in both training and inference, making them suitable for
resource-constrained environments. By contrast, Machine Learning techniques such as
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Random Forest and XGBoost involve an intermediate burden: although training may
become costly due to hyperparameter optimization, they remain CPU-viable with mod-
erately efficient inference. On the other hand, Deep Learning models (LSTM, GRU, CNN,
and Transformers) have high computational cost, especially during training, due to intensive
resource use (backpropagation, gradient storage, etc.). In particular, self-attention-based
Transformers exceed traditional RNNs in complexity. This increase also translates into
significant energy cost: recent studies report consumption of up to 1 MWh per training
run in complex, non-optimized models [79]. In the energy domain, although DL offers
notable accuracy gains (from 20% up to 40% according to [29]), this implies a computational-
sustainability penalty. Alternatives such as GRU (which can match LSTM performance
with lower load) or efficient hybrid models emerge as strategic solutions, confirming that ar-
chitectural efficiency can outperform simple complexity growth [80]. These considerations
become even more relevant when forecasting systems must operate under deployment
constraints. While large Deep Learning and hybrid architectures can achieve excellent pre-
dictive performance, their computational requirements may limit their practical adoption in
resource-constrained environments. Consequently, future research should not only pursue
higher forecasting accuracy, but also consider model efficiency, scalability, and operational
feasibility as complementary design objectives.

In conclusion, comparison among electricity demand forecasting models should not
be understood as a competition among isolated approaches, but as a search for integrative,
adaptive, and cost-effective architectures. Convergence among statistical, ML, and DL
techniques, systematic incorporation of probabilistic approaches, and adoption of robust
practices around granularity and hierarchy point toward a new generation of forecasting
systems designed for complex, dynamic, and data-driven decision-making environments.

To complement the discussion presented in this section, Tables 6-9 were structured
to synthesize the information discussed in this analysis of electricity-demand forecasting
techniques and methods. These tables provide a detailed taxonomy of the addressed
models, classifying them by methodological family in Table 6, application horizon in Table 7,
and required data type in Table 8. Table 9 is also included, allowing cross-visualization of
relationships among these three key criteria. This systematization offers a valuable tool for
both researchers and energy-sector professionals, facilitating contextualized selection of
the most appropriate technique or method according to the characteristics of the analyzed
electrical system.

Table 6. Taxonomy by model family for electricity demand forecasting.

Family Model Brief Description Main Advantages Limitations Refs.
Autoregressive High Eﬁgfiocsﬁizfgges
Statistical ARIMA/SARIMA/  models that capture 1nterpretab1hty and or multiple variables  [1,13,14,32,33]
SARIMAX trend and low computational . .
lit t (especially in ARIMA
seasonality. cost. and SARIMA).
Models linear
relationships Limited accuracy in
Statistical Multhfflrlable between demand Simple, trfmsparent, dynamic or complex [21,23,28,30]
regression and exogenous and explainable.

variables (weather,
GDP, population).

systems.
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Table 6. Cont.
Family Model Brief Description Main Advantages Limitations Refs.
Maximum-margin Requires intensive
Machine Support Vector algorithm that fits High accuracy and quire
. . . . calibration and can [12,27,38,39]
Learning Regression (SVR) nonlinear robustness to noise. .
be costly to train.
hyperplanes.
.. Robust to . .
. . Decision-tree - Low interpretability
Machzlne Bagging (Random ensemble with overfitting an.d . and dependence on [22,25,26,40,41]
Learning Forest) . good generalization
random sampling. " number of trees.
capability.
Machine Boosting (XG- f}?gf :)engilﬂezr;zemble Excellent accuracy High training cost [20,22,42,43]
Learning Boost/AdaBoost) ' OoP and adaptability. and overfitting risk. T
residual errors.
Combination of Improves accuracy E}%&;ﬁmplexny;
Machine . several models for and uncertainty - .
. Stacking . - o interpretation; [20]
Learning final prediction or calibration; robust ;
. - requires model
intervals. under variability. . .
diversity.
Theoretical
complexity and high
Set of specialized Modularity, design cost;
Machine Mixture of Experts p - interpretability, susceptible to expert
. experts and gating ; . [46-48,73]
Learning (MoE) network and inference collapse during
’ efficiency. training; sensitive to
data latency in
real-time routing.
Networks with fully Model complex Require large data
Deep Learning ~ ANN connected dense nonlinear volumes and [6,49,58]
layers. relationships. extensive tuning.
Networks with Capture long-term High computational
Deep Learning ~ RNN/LSTM/GRU  temporal memory dependencies; ideal ~ cost and limited [10,50-52]
for sequences. for time series. interpretability.
comeolutions fon Highly efficienton  TeC 9% o0
Deep Learning ~ CNN/TCN local-pattern gﬁg—frequency without additional [17,54,55]
extraction. ’ components.
Models with
self-attention High accuracy and Require large data
Deep Learning ~ Transformers mechanisms that efficient volumes and [61,62,64,81]
capture long-range parallelization. intensive training.
dependencies.
Neural networks on ~ Capture spatial and ggﬁ?ﬁ;tﬁidﬁﬁn’e
Deep Learning ~ GNN graphs (nodesand  topological A [59,60]
. computational
edges). correlations.
demand.
Sr(zrl'rllifelzfuf:sefo High predictive Require significant
Deep Learning ~ Deep hybrids . capacity and resources and fine [40,54,55,57]
leverage different o L
S adaptability. optimization.
capabilities.
ARIMA-
Integrate linear Combine . .
Hybrids LSTM/EMD + models with neural  interpretability with 'Cahbrat'l on agd' [66=70]
LSTM/Prophet + networks or ML hich accurac integration difficulty.
LSTM/GRU ' & ¥
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Table 7. Taxonomy by time horizon for electricity demand forecasting.
Horizon Typical Scale Applications Most Used Models Advantages Refs.
LSTM, GRU, TCN, .
Short term Minutes to days I(:;Ieorﬁzlri,dcﬁer:r(())ﬁse CNN, RE, ARIMA, iI;Irllilezcizltl; ey and [10,17,41,47,
Y daily o eratIiDon " XGBoost, response 48,50,54,57]
yop ' Transformers, MoE. P '
' Opera-tlonal SVR, ANN, LSTM, Good balance
Medium planning, between accuracy [27,28,30,35,
Weeks to months . ensemble models, .
term maintenance, and computational  42,58,82]
. . CNN-GRU.
and tariff design. cost.
Slannimpand | Muldvariable (PR
Long term Years or more p & ar regression, GNN, [21,23,45,46]
energy-policy ANN and structural
design. ' effects.
Table 8. Taxonomy by data types used for electricity demand forecasting.
e . Advantages/
Data Type Description Examples Compatible Models Applications Refs.
s Simple, lightweight,
Ter.npo'ral Only the hls'torlcal Historical KWh. ARIMA, ETS, LSTM, and low [1,13,14]
univariate demand series. GRU. .
computational cost.
Greater contextual
Temporal Incl.ude exogenous Weather, calendar, ANN, SVR, CNN, accuracy and [10,42,46,50,
. variables in addition ! LSTM, Transformers,
multivariate GDP, prices. explanatory 54,57]
to demand. MoE. i
capability.
Spatial/ Data structured by Capture spatial
}e)0 anhic region, grid, Substations, nodes. GNN, CNN, MoE. correlations and [48,53,60]
geograp or electrical nodes. topological patterns.
High fre- Data recorded in Smart meters, CNN, TCN, DL Enable granular, [42,52,54]
quency/IoT seconds or minutes. ~ SCADA. hybrids. real-time forecasting. T
Socioeconomic Macroeconomic and Multivariable Useful for medium-
. . GDP, trade, tariffs. regression, ensemble  and long-term [21,23,45,50]
data behavioral variables. .
models. scenarios.
Table 9. Summary of electricity demand forecasting models by integrated taxonomy.
Family Model Horizon Data Key Advantages Refs.
- ARIMA /SARIMA/ . N Simplicity, explainability,
Statistical SARIMAX Short/medium Univariate and efficiont execution. [1,13,14,32,33]
Statistical Multlvgrlable Medium/long Mulltlvarlate;. tl"ranspar.ency and gsefulness [21,23,28,30]
regression socioeconomic in planning scenarios.
. o Captures nonlinearities and
Mach{ne Support. Vector Short/medium Mulltlvarlate,. generalizes well with limited  [12,27,38,39]
Learning Regression (SVR) socioeconomic data
Mach{ne Bagging (Random Short/medium/ Multivariate; spatial High accuracy and resistance [25,26,40,41]
Learning Forest) long to overfitting.
. . . Excellent predictive
Machine Boosting (XG- . Multivariate;
Learning Boost/ AdaBoost) Short/medium economic performance and good [20,22,42,43]

scalability.

https:/ /doi.org/10.3390/pr14142265


https://doi.org/10.3390/pr14142265

Processes 2026, 14, 2265 34 of 46
Table 9. Cont.
Family Model Horizon Data Key Advantages Refs.
Machine Improves accuracy and
Learnin Stacking Short Univariate or mixed uncertainty estimation; high  [20]
8 complexity.
Machl'ne Mixture of Experts Short Multivariate Mod‘ularlty, adaptzflblhty, [46-48,73]
Learning (MoE) and inference efficiency.
Deep ' RNN/LSTM/GRU  Short/medium Multlvarlate; Model short- and loqg—term [10,50-52]
Learning high-frequency temporal dependencies.
Deep . CNN/TCN Short ng}}-frequency; Effl'c1er'1tly extract local and [17,54,55]
Learning spatial periodic patterns.
N Capture long-range
Deep . Transformers Short/medium Multivariate; long dependencies with efficient [61,62,64,81]
Learning sequences N
parallelization.
Deep . GNN Medium/long Spatial; structural Model electrl'c networks. and [59,60]
Learning complex spatial correlations.
S Synergy among deep
Deep . Deep hybrids Short/medium Multlvarlate, architectures to improve [40,54,55,57]
Learning high-frequency
accuracy and robustness.
IEXSR;%?];MD . Combine linear and
Hybrids Short/medium Multivariate nonlinear patterns in an [66-70]
LSTM/Prophet + integrated scheme
LSTM/GRU & '
9.2. Quantitative Analysis
The discussion presented so far has made it possible to identify the strengths and
limitations of each model family from a qualitative perspective. However, to guide model
selection more rigorously according to the operational context, this analysis must be com-
plemented with a quantitative assessment that synthesizes, on a common scale, the relative
performance of each family against clearly defined evaluation criteria. For this purpose,
this subsection introduces a rating scale from 1 to 5 (where 5 indicates superior performance
and 1 indicates low performance), based on the criteria defined in the methodology: forecast
horizon, performance metrics, modeling capability and robustness, adaptability and scalability,
interpretability, computational cost, and handling of exogenous variables. The scores are reported
in Tables 10 and 11 and visualized in Figure 12.
Table 10. Scores of electricity demand forecasting models by evaluation criteria (scale 1-5, where
5 = best).

i Performance Modeling Adaptability Computational ~ Exogenous Horizon
Family/Model Metrics Capability  and Scalability ~ "t¢™P: Cost Variables ~ Adequacy
ARIMA /SARIMA /SARIMAX 3 2 3 5 5 3 3
Multivariable regression 3 2 4 5 5 5 4
SVR 4 4 3 2 3 4 4
Random Forest (RF) 4 5 4 3 4 4 4
XGBoost/AdaBoost 5 4 5 2 3 4 4
Stacking/ensembles 5 4 4 2 2 4 4
MoE (Mixture of Experts) 5 4 5 4 4 5 4
ANN/MLP 4 3 3 2 3 4 3
RNN/LSTM/GRU 5 4 4 2 2 5 4
CNN/TCN 4 4 3 2 4 4 4
Transformers 5 4 3 3 1 5 5
GNN 4 4 3 2 2 4 4
Hybrids 5 4 3 3 2 5 5
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Table 11. Ranking of electricity demand forecasting models by average score.

Ranking Model Average
1 MoE (Mixture of Experts) 4.43
2 Multivariable regression 4.00
2 Random Forest (RF) 4.00
3 XGBoost/AdaBoost 3.86
3 Hybrids 3.86
4 Transformers 3.71
4 RNN/LSTM/GRU 3.71
5 Stacking/ensembles 3.57
5 CNN/TCN 3.57
6 ARIMA /SARIMA /SARIMAX 3.43
6 SVR 3.43
7 GNN 3.29
8 ANN/MLP 3.14
Radar chart

Performance metrics

Modeling
capability and
robustness

Forecast horizon

Multivariable regression
ARIMA / SARIMA / SARIMAX
SVR

Random Forest (Bagging)
XGBoost / AdaBoost (Boosting)
Stacking

Mixture of Experts (MoE)
ANN

RNN / LSTM / GRU
CNN / TCN

Adaptability and Transformers

scalability GNN

Hybrid

Handling of
exogenous variables

Computational
cost

Interpretability

Figure 12. Radar chart of scores for representative models, based on Table 10.

The scoring used in Table 10 is intended as an evidence-based comparative synthesis
rather than a formal decision-making model. Because the reviewed studies differ substan-
tially in terms of datasets, forecasting horizons, validation protocols, and the availability
of exogenous variables, the application of formal Multi-Criteria Decision-Making meth-
ods would introduce a degree of numerical precision that is not fully supported by the
available evidence. For this reason, the score anchors were established a priori and applied
consistently across all model families to reduce arbitrariness and enhance transparency.

https:/ /doi.org/10.3390/pr14142265


https://doi.org/10.3390/pr14142265

Processes 2026, 14, 2265

36 of 46

The evaluation criteria and the meaning of the scores are presented below.

Forecast horizon: Evaluates how suitable the approach is for short-, medium-, or long-
term operation. A score of 1 indicates that the model is only applicable to a very
specific horizon and with low performance; 2 reflects limited applicability to a single
horizon with acceptable performance; 3 corresponds to competitiveness in one or
two horizons (e.g., short/medium term); 4 implies good performance across multiple
horizons with minor adjustments; and 5 reflects excellent performance across several
forecasting horizons.

Performance metrics: Summarizes the relative performance reported in standard
metrics (MAE, RMSE, MAPE) and forecast accuracy. A score of 1 corresponds to
high errors that fail to accurately capture demand patterns and behavior (e.g., MAPE
above 15%); 2 indicates partial improvement but systematic failures in peaks, valleys,
or transitions (MAPE 10-15%); 3 corresponds to a competitive baseline with acceptable
performance under normal conditions, although it deteriorates in complex scenarios
(MAPE 5-10%); 4 implies low and relatively stable errors across multiple scenarios and
horizons (MAPE 3-5%); and 5 denotes superior and consistent performance, effectively
capturing peaks, seasonality, and extreme events (MAPE below 3% consistently across
different datasets and operating conditions). For studies that do not report MAPE,
the assessment is based on equivalent evidence from other commonly reported metrics,
such as MAE, RMSE, or R?.

Modeling capability and robustness: Measures the ability to capture relationships
(including nonlinearities) and maintain performance under noise, missing data, out-
liers, and regime changes. A score of 1 implies severe performance degradation under
any minor disturbance (noise, missing data, or isolated outliers); 2 reflects significant
sensitivity to moderate noise or outliers, with unstable performance across periods;
3 denotes stability under normal operating conditions but noticeable deterioration
under moderate disturbances such as atypical seasonal changes; 4 implies tolerance
to noise, missing data, outliers, and moderate shifts with limited loss of predictive
power; and 5 is observed in models that remain stable under abrupt regime changes,
extreme weather events, or incomplete data.

Adaptability and scalability: Considers how easily the model can be adjusted to
new contexts (periods/regions/conditions) and how it behaves as the number of
series, granularity, dimensionality, and data volume increase. A score of 1 implies
that the model does not scale and is difficult to adapt; 2 reflects poor scalability and
adaptability only through intensive intervention (feature engineering or retraining); 3
corresponds to moderate scalability and reasonable adaptability with retraining and
moderate adjustments; 4 is assigned to models that scale well with parallelization and
standard hardware; and 5 corresponds to highly scalable models that can expand to
new series, regions, or variables with minimal pipeline changes and approximately
proportional cost growth.

Interpretability: Evaluates forecast traceability and explainability, meaning the abil-
ity to identify the contribution of each variable, rule, or component to the forecast.
A score of 1 corresponds to a black-box model with no useful operational explanation;
2 implies limited explainability dependent on auxiliary techniques (SHAP, LIME),
without guaranteed sufficient traceability; 3 indicates partial interpretability, where
internal model indicators such as feature importance or attention weights are available,
but without full decision-process traceability; 4 denotes high interpretability with
directly analyzable model components (e.g., domain-specialized experts); and 5 is
assigned to models with full interpretability, with coefficients, rules, or components
(trend, seasonality, residual) that are directly readable and auditable.
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¢  Computational cost: Quantifies the resources required for training, updating, and in-
ference (time, memory, energy), as well as viability for production or real-time use.
A score of 1 reflects very high costs that make deployment impractical without spe-
cialized infrastructure; 2 implies high cost that limits frequent retraining and requires
dedicated infrastructure; 3 corresponds to moderate cost and feasibility with standard
resources (CPU/GPU); 4 is assigned to models whose training is feasible on CPU
within reasonable times and whose inference is efficient for frequent or near real-
time operation; and 5 corresponds to models with lightweight training and inference,
executable on minimal hardware and suitable for continuous real-time updating.

* Handling of exogenous variables: Assesses the type and number of exogenous vari-
ables that can be effectively incorporated to improve forecasts. A score of 1 indicates
that the model is purely univariate with no ability to incorporate external informa-
tion; 2 reflects a limited ability to include few exogenous variables in a rigid way
(e.g., only through specific transformations or feature engineering); 3 corresponds
to moderate integration of exogenous variables that notably improves model perfor-
mance; 4 denotes flexible integration of multiple exogenous variable types with the
ability to capture cross-interactions; and 5 is assigned to models that dynamically
and adaptively integrate multiple heterogeneous exogenous sources, with substantial
forecast improvement.

The scores in Table 10 were assigned by analyzing the evidence discussed throughout
the document under the previously defined methodology. The profile of each model family
is justified below through an analysis of the established criteria. Based on the average
scores across the evaluated criteria, the electricity demand forecasting models were ranked,
as shown in Table 11. The results reveal that the Mixture of Experts model achieves the
highest overall score, suggesting that it is a highly promising approach for electricity
demand forecasting.

Models in the ARIMA family (SARIMA, SARIMAX) constitute the classical statistical
baseline for electricity demand forecasting. In terms of performance metrics (3), they have
shown low errors under favorable conditions, such as MAPE of 0.87% [1] or 1.73% [37];
however, error increases rapidly under complex dynamics, as the same approach rose
from 4.13% in short-term forecasting to 55% in medium-term forecasting [1]. Modeling
capability and robustness (2) reflect their structural limitation: by assuming linearity, they
do not capture nonlinearities or cross-interactions and deteriorate under abrupt events [15]
or regime changes [13]. Adaptability and scalability (3) are moderate: these models gen-
eralize well if seasonal patterns are preserved, but degrade under concept drift [31]; they
scale by training one model per series, although per-series parametrization is operationally
costly. Interpretability (5) and computational cost (5) are their strongest advantages, since
their structure (AR/MA terms, explicit seasonality, exogenous coefficients in SARIMAX)
provides full traceability [4,12], and training is feasible on limited CPU hardware, even in
real time as shown by SARIMA-ONS [33]. Handling exogenous variables (3) is limited in
ARIMA/SARIMA (univariate), but extended in SARIMAX, where adding temperature,
humidity, and calendar variables improved accuracy by 22% in [32]. Horizon adequacy (3)
reflects relevance for short- and medium-term forecasting in stable series [13,14].

Multivariable regression shares ARIMA’s strengths in interpretability (5) and com-
putational cost (5), but differs in its native ability to incorporate exogenous variables.
In performance metrics (3), it achieves good results when the demand-exogenous rela-
tionship is linear, as in [21] with MAPE of 2.10%, outperforming XGBoost, LightGBM,
and LSTM, and showing competitiveness against ML /DL in [30]. However, under nonlin-
ear relationships, the error increases substantially. Modeling capability and robustness (2)
reflect restrictions to linear relations and sensitivity to multicollinearity [23,28]. Adapt-

https://doi.org/10.3390/pr14142265


https://doi.org/10.3390/pr14142265

Processes 2026, 14, 2265

38 of 46

ability and scalability (4) are higher than ARIMA, scaling linearly with variables and
enabling regional hierarchization [23], although they suffer under abrupt changes [31].
Handling exogenous variables (5) is the strongest among statistical models, since regression
directly quantifies the influence of heterogeneous predictors (weather, GDP, HDD/CDD,
calendar) [21,28]. Horizon adequacy (4) reflects utility for medium- and long-term fore-
casting with macroeconomic variables [23], and, to a lesser extent, competitiveness in
short-term settings.

SVR models represent the first step toward nonlinear modeling. Performance met-
rics (4) are supported by results such as MAPE of 1.35% with metaheuristic optimiza-
tion [38], errors of 0.56-1.03% with SVR-RBFNN [39], and superiority over k-NN and RF
in [27]. Although several studies report low MAPE values, these results are obtained
under highly optimized configurations, including metaheuristic parameter optimization
or hybrid initialization with extended Kalman filtering, and therefore are not consistently
representative of standard SVR implementations across diverse evaluation settings [38,39].
Modeling capability and robustness (4) are explained by kernel-based projections into
high-dimensional spaces, which capture nonlinearities and tolerate noise [38,39]. Adapt-
ability and scalability (3) are moderate: these models generalize well with appropriate
regularization [12], but their algorithmic complexity limits scalability for large volumes.
Interpretability (2) is low when nonlinear kernels are used. Computational cost (3) reflects
reasonable inference but expensive training for large datasets [12]. Handling exogenous
variables (4) is flexible, integrating weather and calendar variables with implicit inter-
action capture [27,39]. Horizon adequacy (4) is favorable for short- and medium-term
forecasting [27].

Random Forest is positioned as one of the most balanced approaches. Performance
metrics (4) include MAPE of 0.161% and R? of 0.979 in ultra-short-term forecasting [41],
as well as superiority over statistical and deep models [25]; it does not reach 5 because
boosting tends to outperform it in scenarios with highly complex interactions [40]. Modeling
capability and robustness (5) are high: the bagging ensemble strategy, by processing random
subsets, provides resistance to overfitting, tolerance to heterogeneous variables, and demon-
strated stability across multiple regions [25,26]. Adaptability and scalability (4) benefit
from inherent parallelism and the ability to handle many variables [41], with successful
application from ultra-short-term to long-term forecasting [45], although performance may
deteriorate under concept drift [31]. Interpretability (3) comes from metrics such as built-in
feature importance, but without unique global rules. Computational cost (4) is favorable,
since training is CPU-feasible and parallelizable [25]. Handling exogenous variables (4)
natively integrates different variable types [40]. Horizon adequacy (4) spans from granular
short-term forecasting [41] to long-term forecasting [45].

Boosting methods rank among the highest in terms of accuracy and adaptability—
scalability. Performance metrics (5) include MAPE of 1.41% with XGBoost [43] and 0.72%
with AdaBoost, with an 82% reduction versus individual models [44]. Modeling capability
and robustness (4) are high because they capture complex nonlinearities, although without
adequate regularization they may overfit [42]. Adaptability and scalability (5) stem from
optimized implementations that exploit parallelism and sparsity-aware learning [43]. Inter-
pretability (2) is limited without methods such as SHAP or LIME. Computational cost (3)
reflects expensive training due to hyperparameter search. Handling exogenous variables (4)
integrates weather, economic, and calendar variables [43]. Horizon adequacy (4) reflects
excellent performance in short- and medium-term forecasting [22,43].

Stacking aims to maximize accuracy by combining complementary models. Perfor-
mance metrics (5) are evidenced by probabilistic stacking in [20] and MAPE of 0.648%
with 30% missing data in [70]. Modeling capability and robustness (4) are high when
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base models are diverse [20]. Adaptability and scalability (4) are good if automation and
parallelization are applied, although higher complexity increases overfitting risk. Inter-
pretability (2) is limited when heterogeneous architectures are combined. Computational
cost (2) is high because multiple base models plus a meta-model must be trained. Han-
dling exogenous variables (4) inherits the capability of the strongest base model. Horizon
adequacy (4) positions these methods well in short- and medium-term forecasting [20].

MoE models obtain the most balanced profile. Performance metrics (5) include MAPE
of 2.9% on regular days and 1.79% on holidays, outperforming LSTM and TCN [46],
improvements of 6-9% on static data and up to 41% in zero-shot settings [47], and MSE
reductions of 22% with TriForecaster [48]. Modeling capability and robustness (4) arise
from conditional activation of condition-specialized experts (heat waves, holidays, normal
operation), enabling dynamic adaptation to regime changes [46]. Adaptability and scala-
bility (5) are maximal due to modularity, which allows adding experts without retraining
the full system [73]; additionally, Federated Learning reduced training time by 18% [47].
Interpretability (4) is supported because expert-activation analysis can reveal which pat-
terns the system recognizes [46]. Computational cost (4) is favorable since only a subset
of experts is activated per instance [46]. Handling exogenous variables (5) integrates
heterogeneous information through both the experts and the gating network [46,48,73]. Hori-
zon adequacy (4) reflects strong performance in operational short-term forecasting and
multi-condition/multi-region scenarios [46—48].

Dense-architecture ANN models represent the entry point to Deep Learning. Per-
formance metrics (4) are supported by their universal approximation capability, as they
outperformed multiple regression and fuzzy logic for horizons up to 168 h [6], and im-
proved when including climate variables in regions with high thermal sensitivity [49].
Modeling capability and robustness (3) reflect that they capture moderate nonlinearities
but are sensitive to overfitting without proper regularization [49]. Adaptability and scala-
bility (3) are moderate, depending on data volume. Interpretability (2) is limited (black-box
behavior). Computational cost (3) is intermediate with fast inference. Handling exogenous
variables (4) is flexible, integrating multiple numerical and categorical inputs [6,49]. Hori-
zon adequacy (3) reflects utility in short- and medium-term forecasting, but lower temporal
specialization than RNN or TCN [50].

Recurrent networks (RNN/LSTM/GRU) represent the natural framework for mod-
eling temporal dependencies. Performance metrics (5) include daily MAPE of 1.01%
and weekly MAPE of 1.09% [50], 1.5% hourly error while integrating weather and re-
newables [51], and more than 20% reduction versus SVR and Gradient Boosting using
PowerLSTM [52]. Modeling capability and robustness (4) are explained by gating mecha-
nisms that capture temporal dependencies, although they remain sensitive to parametriza-
tion [16]. Adaptability and scalability (4) reflect good generalization with sufficient data,
but susceptibility to concept drift [75] and memory requirements for multi-series operation.
Interpretability (2) is limited without attention mechanisms. Computational cost (2) is high
due to backpropagation through time. Handling exogenous variables (5) is among the
strongest in DL: these models natively integrate heterogeneous inputs in their sequential
flow, including volatility weighting with MIDAS [16] and smart-meter data [52]. Horizon
adequacy (4) reflects systematic excellence in short-term forecasting [10,50,51].

Convolutional networks (CNN) offer a homogeneous profile that balances predictive
power and efficiency. Performance metrics (4) include R? of 0.992 with a simple CNN [17],
performance comparable to LSTM with lower cost in TCN [54], and improvements in
probabilistic intervals with TCN-QR and TCN-MC [55]. Modeling capability and robust-
ness (4) benefit from causal convolutions and progressive dilation, remaining stable without
gradient vanishing. Adaptability and scalability (3) are moderate and depend on temporal
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window design [54]. Interpretability (2) is low. Computational cost (4) is an advantage,
as these models can be more parallelizable than RNNs with efficient real-time inference [54].
Handling exogenous variables (4) integrates multiple input channels through multivari-
ate convolutions. Horizon adequacy (4) reflects utility in short-term, high-granularity
forecasting [54,55].

Transformers represent the most advanced frontier in multivariate modeling. Perfor-
mance metrics (5) include MAPE of 3.19% with Romember [63] and 2.43-3.76% with TFT in
hierarchical configurations [62]. Modeling capability and robustness (4) are high thanks to
multi-scale self-attention, but sensitive to tuning [62]. Adaptability and scalability (3) reflect
that parallelism improves scalability compared with RNNs, but computational complexity
and memory demand limit long sequences. Interpretability (3) offers partial visualization of
attention weights. Computational cost (1) is the main drawback, since training is extremely
expensive. Handling exogenous variables (5) is excellent because known and observed
temporal variables can be explicitly integrated [62]. Horizon adequacy (5) reflects optimal
adaptation for both short and long sequences, as well as hierarchical scenarios [62,63].

Graph neural networks (GNN) introduce the topological structure of power grids.
Performance metrics (4) are evidenced by GLEN-TC outperforming LSTM, CNN-LSTM,
and Informer [65], along with additional improvements reported in [59,60]. Modeling
capability and robustness (4) capture spatial correlations, but require an appropriate graph
representation [60]. Adaptability and scalability (3) are moderate: deployment is feasible
when topology is stable, but constrained by graph size and memory. Interpretability (2) re-
quires auxiliary analysis methods. Computational cost (2) is high due to graph propagation.
Handling exogenous variables (4) integrates node attributes such as historical demand and
local climate [59]. Horizon adequacy (4) reflects utility with spatial coherence in short- and
medium-term forecasting [59,60].

Hybrid models functionally decompose the series, assigning each component to the
most suitable method. Performance metrics (5) include ARIMA-LSTM with MAPE of 2.83%
versus 6.96% for standalone ARIMA [66], Prophet-LSTM with 0.91% [68], and EMD+LSTM
improving peak prediction by 5-8% [67]. Modeling capability and robustness (4) benefit
from the layered pipeline structure, where statistical components such as ARIMA, Prophet,
or EMD first isolate linear, trend, seasonal, or low-frequency patterns before the Deep
Learning component models the remaining nonlinear dynamics. This complementary
decomposition improves robustness to moderate noise and demand variability [66,68].
However, multi-stage architectures are not free from limitations. Errors introduced dur-
ing decomposition or preprocessing stages may propagate through subsequent learning
components, creating cascading error propagation that can reduce robustness under pro-
nounced structural changes or inaccurate intermediate representations [68,69]. Adaptabil-
ity and scalability (3) are moderate: the complexity of the multi-level pipeline increases
error-propagation risk. Interpretability (3) improves over pure DL due to the partial trans-
parency of the statistical component [68]. Computational cost (2) is high due to multiple
sequential stages. Handling exogenous variables (5) integrates variables through the statis-
tical component (especially Prophet) and captures nonlinear interactions through the DL
component [68-70]. Horizon adequacy (5) reflects versatility in short- and medium-term
forecasting [68,69].

10. Conclusions

The bibliometric analysis presented in Section 4 yields three main findings that guide
the interpretation of the rest of this article. First, the field’s thematic structure confirms the
consolidation of three core pillars: classical statistical methods, ensemble-based Machine
Learning models, and recurrent/convolutional Deep Learning architectures, each with differ-
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entiated research communities and technical vocabularies. Second, the temporal evolution
reveals a migration from classical artificial neural networks toward more sophisticated
models (LSTM, CNN, TCN), and, more recently, a growing interest in ensemble methods
and hybrid models that integrate statistical and artificial intelligence components. Third,
the fragmentation of co-authorship networks indicates opportunities for interdisciplinary
integration that could catalyze the development of new architectures, such as Mixture of
Experts models, which require the convergence of knowledge from different communities.

The detailed study of the diverse approaches used for electricity demand forecasting
clearly shows both the technological evolution of the field and the persistent challenges
that forecasting systems still face. From classical statistical approaches, which provide
highly interpretable models but remain limited when confronted with complex phenomena,
to modern Deep Learning architectures and hybrid models, the literature reflects a constant
tension among accuracy, complexity, transparency, and adaptability.

One of the main conclusions from this analysis is that selecting the optimal model is
not a purely technical decision, but one that must be deeply grounded in the operational,
regulatory, and technological context in which the forecasting system will be implemented.
Although models such as ARIMA or multivariable regression continue to show notable per-
formance in stable and well-structured contexts, their effectiveness is rapidly surpassed by
machine-learning models when series exhibit high nonlinearity, complex cross-interactions,
or significant exogenous perturbations.

On the other hand, Machine Learning models have proven particularly effective at
capturing hidden patterns and complex dynamics, although their applicability at indus-
trial scale requires careful consideration regarding feature selection, robust performance
evaluation, and operational implementation in mission-critical environments. Similarly,
Deep Learning models have established new standards in predictive accuracy, especially
in systems with high temporal resolution or large volumes of multivariate data. How-
ever, their high computational cost, the need for specialized infrastructure, and limited
interpretability create important barriers to adoption in some electricity-market segments,
particularly those with budget constraints or strict regulatory requirements.

In this scenario, hybrid models emerge as an attractive intermediate solution by
combining the robustness of traditional techniques with the flexibility of modern methods.
Their ability to simultaneously capture linear and nonlinear components, or to integrate
different information sources and types, makes them ideal candidates for complex and
highly dynamic environments. Nevertheless, their implementation requires a systemic
perspective and a high technical level, so their use should be carefully evaluated according
to available resources and capabilities.

Given the diversity of approaches and analyzed results, it is necessary to recognize that
there is no universally superior model for electricity demand forecasting. Although some al-
gorithms have shown better performance in specific contexts (for example, LSTM networks
in hourly horizons or hybrid models in the presence of multiple exogenous variables), this
does not imply a general rule applicable to every scenario, nor is it possible to establish
a normative method that directly and definitively associates each time horizon (short,
medium, or long term) with a specific model family. The applicability of an approach fun-
damentally depends on data quality, availability, and granularity, as well as on the degree
of knowledge about system structure and the factors that determine its behavior. For this
reason, designing a robust forecasting system must begin with a rigorous exploratory
analysis of available data to identify relevant patterns and understand their underlying
dynamics. Only from this diagnosis is it possible to select and calibrate the model that best
fits the particular problem conditions, integrating expert knowledge with the predictive
capabilities of different techniques.
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One of the most promising directions in this field is the exploration of Mixture of Experts
(MoE)-type models, which could represent a new paradigm in energy-demand forecasting.
Their modular structure, which assigns specialized experts to different input types, enables
not only accuracy improvements but also greater interpretability, scalability, and computa-
tional efficiency. This architecture could be key for developing adaptive models capable of
responding quickly to structural changes or unforeseen events, without fully retraining the
entire system. In particular, their ability to integrate heterogeneous experts—for example,
statistical models, neural networks, and tree-based techniques—under a coordinated co-
operation logic positions them as one of the most complete and adaptable alternatives for
future challenges in the electricity sector.

Looking ahead, research directions should focus on building integrative methods
that not only improve accuracy in diverse environments, but also guarantee traceability,
robustness, and operational feasibility of developed models. This includes advancing inter-
pretability techniques for complex models, developing continuous-training schemes for
dynamic environments, exploring efficient low-latency algorithms for real-time execution,
and establishing broader metrics that include not only prediction errors but also economic
impacts, resilience to structural data shifts, and adaptability to new data sources.

In summary, electricity-demand forecasting cannot be viewed solely as a strictly
mathematical or technical problem, but as a systemic challenge requiring cross-cutting
integration of statistical, computational, energy, and organizational knowledge. The current
state of the art has shown that a wide range of tools is available, each with strengths and
limitations, and that model selection must be guided by contextualized and strategic criteria.
Ultimately, real progress in the field will depend not only on model sophistication, but on
our collective ability to integrate models efficiently, transparently, and responsibly into the
decision-making processes that support modern power-system operation.
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Abbreviations

The following abbreviations are used in this manuscript:

Al Artificial Intelligence

ANN Artificial Neural Network

ARIMA Autoregressive Integrated Moving Average
ARMA Autoregressive Moving Average

CNN Convolutional Neural Network

CDD Cooling Degree Days

CRPS Continuous Ranked Probability Score
EMD Empirical Mode Decomposition
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ETS Exponential Smoothing (state space)
GNN Graph Neural Network

GRU Gated Recurrent Units

HDD Heating Degree Days

LSTM Long Short-Term Memory

LTLF Long-Term Load Forecasting

MAPE Mean Absolute Percentage Error
MIDAS Mixed Data Sampling

MLP Multi-Layer Perceptron

MoE Mixture of Experts

MTLF Medium-Term Load Forecasting
QRF Quantile Regression Forests
RBFNN Radial Basis Function Neural Network
RNN Recurrent Neural Network

RFE Random Forest

SARIMA Seasonal Autoregressive Integrated Moving Average
SARIMAX  Seasonal ARIMA with eXogenous variables

sMAPE Symmetric Mean Absolute Percentage Error
STLF Short-Term Load Forecasting

SVM Support Vector Machines

SVR Support Vector Regression

TCN Temporal Convolutional Network

TFT Temporal Fusion Transformer

XGBoost Extreme Gradient Boosting
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